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Abstract. This paper presents the theoretical basis of the algorithm designed for the 1 
generation of leaf area index and diurnal course of its sunlit portion from NASA’s Earth 2 
Polychromatic Imaging Camera (EPIC) onboard Deep Space Climate Observatory (DSCOVR) 3 
spacecraft. The Look-up-Table (LUT) approach implemented in the MODIS operational 4 
LAI/FPAR algorithm is adopted. The LUT, which is the heart of the approach, has been 5 
significantly modified. First, its parameterization incorporates the canopy hot spot 6 
phenomenon and recent advances in the theory of canopy spectral invariants. This allows 7 
more accurate decoupling of the structural and radiometric components of the measured 8 
Bidirectional Reflectance Factor (BRF), improves scaling properties of the LUT and 9 
consequently simplifies adjustments of the algorithm for data spatial resolution and 10 
spectral band compositions. Second, the stochastic radiative transfer equations are used to 11 
generate the LUT for all biome types. The equations naturally account for radiative effects 12 
of the three-dimensional canopy structure on the BRF and allow for an accurate 13 
discrimination between sunlit and shaded leaf areas. Third, the LUT entries are measurable, 14 
i.e., they can be independently derived from both below canopy measurements of the 15 
transmitted and above canopy measurements of reflected radiation fields. This feature 16 
makes possible direct validation of the LUT, facilitates identification of its deficiencies and 17 
development of refinements. Analyses of field data on canopy structure and leaf optics 18 
collected at 18 sites in the Hyytiälä forest in southern boreal zone in Finland and 19 
hyperspectral images acquired by the EO-1 Hyperion sensor support the theoretical basis.  20 
 21 
Keywords: DSCOVR mission, sunlit leaf area index; spectral invariants, hot spot, 22 
operational algorithm, radiative transfer 23 
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1. Introduction 24 
 25 
The NASA’s Earth Polychromatic Imaging Camera (EPIC) onboard NOAA’s Deep 26 
Space Climate Observatory (DSCOVR) mission was launched on February 11, 2015 to 27 
the Sun-Earth Lagrangian L1 point where it began to collect radiance data of the entire 28 
sunlit Earth every 65 to 110 min in June 2015. It provides imageries in near 29 
backscattering directions with the scattering angle between 168o and 176o at ten 30 
ultraviolet to near infrared (NIR) narrow spectral bands centered at 317.5 (band width 31 
1.0) nm, 325.0 (1.0) nm, 340.0 (3.0) nm, 388.0 (3.0) nm, 433.0 (3.0) nm, 551.0 (3.0) nm, 32 
680.0 (1.7) nm, 687.8 (0.6) nm, 764.0 (1.7) nm and 779.5 (2.0) nm. The reflectance of 33 
vegetation reaches its maximum in the backscattering direction. This phenomenon is 34 
known as the hot spot effect (Gerstl 1999; Knyazikhin and Marshak 1991; Kuusk 1991; 35 
Qin et al. 1996; Ross and Marshak 1988). It has been widely recognized that the hot spot 36 
region represents the most information-rich directions in the directional distribution of 37 
canopy reflected radiation (Gerstl 1999; Goel et al. 1997; Qin et al. 2002; Ross and 38 
Marshak 1988). The uniqueness of the DSCOVR EPIC observing strategy is its ability to 39 
provide frequent observations of every region of the Earth in near hot spot directions 40 
that the existing Low-Earth-Orbiting and Geostationary satellites do not have. The EPIC 41 
level 1 data are available from the NASA Langley Atmospheric Science Data Center 42 
(WWW-L1BEPIC).  43 
The EPIC team is responsible for development and validation of algorithms for 44 
producing a series of products which include vegetation green Leaf Area Index (LAI) 45 
and its sunlit portion at 10 km spatial resolution. Whereas LAI is a standard product of 46 
many satellite missions (Garrigues et al. 2008; Yan et al. 2016b), the Sunlit Leaf Area 47 
Index (SLAI) is a new satellite-derived parameter. Sunlit and shaded leaves exhibit 48 
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different radiative response to incident Photosynthetically Active Radiation (400-700 49 
nm) (Mercado et al. 2009; Stenberg 1998), which in turn triggers various physiological 50 
and physical processes required for the functioning of plants. Leaf area and its sunlit 51 
portion are key state parameters in most ecosystem productivity models (Bonan et al. 52 
2003; Chen et al. 2012; Dai et al. 2004; He et al. 2013; Mercado et al. 2009; Norman 53 
1982) and carbon/nitrogen cycle (Chen et al. 2003; Doughty and Goulden 2008; Wang 54 
et al. 2001). Our objective is to develop an algorithm for the retrieval of leaf area index 55 
and diurnal course of sunlit leaf area index from EPIC Bidirectional Reflectance Factor 56 
(BRF) of vegetated land.  57 
LAI and SLAI are defined as the total hemi-surface (Chen and Black 1992) and 58 
sunlit hemi-surface leaf areas per unit ground area. We adapt the retrieval approach 59 
implemented in the MODIS operational LAI/FPAR algorithm to retrieve these 60 
parameters (Knyazikhin et al. 1998a; Knyazikhin et al. 1998b). The algorithm compares 61 
measured spectral BRF with those evaluated from model-based entries stored in a look-62 
up-table (LUT). All canopy structural variables and ground reflectance for which 63 
modeled and measured BRFs agree within uncertainties in the observed and modeled 64 
canopy reflectances are considered as acceptable solutions. The mean value of a 65 
structural variable of interest (LAI, SLAI) and its dispersion are taken as the solution of 66 
the inverse problem and its retrieval uncertainty. In addition to the measured BRFs, the 67 
observation and model uncertainties are also input to the retrieval technique (Wang et 68 
al. 2001). The former come largely from the correction of the in-orbit data for 69 
atmospheric and other environmental effects whereas the latter are determined by the 70 
range of natural variation in biophysical parameters not accounted for by the LUT.  71 
A biome classification map is another important ancillary data layer used as input 72 
to the algorithm. The global classification of canopy structural types utilized in the 73 
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Collection 6 MODIS LAI/FPAR algorithm is adopted (Yan et al. 2016a). Global vegetation 74 
is stratified into eight canopy architectural types, or biomes. The eight biomes are 75 
grasses and cereal crops, shrubs, broadleaf crops, savannas, evergreen broadleaf forests, 76 
deciduous broadleaf forests, evergreen needle leaf forests and deciduous needle leaf 77 
forests. The biome map reduces the number of unknowns in the inverse technique 78 
through the use of simplifying assumptions. The LUT is generated for each biome type. 79 
The 8-biome map is provided by the MODIS Global Land Cover Type product (WWW-80 
MCD12C1).  81 
Thus, the EPIC algorithm inputs BRFs at red (680.0 nm) and NIR (779.5 nm) 82 
spectral bands, their uncertainties, canopy structural type, and outputs mean LAI, SLAI 83 
and their dispersions. The LUT is a key element of the retrieval technique that 84 
determines its performance. Our primary objective is to develop a new LUT that 85 
incorporates recent advances in the theory of canopy spectral invariants, accounts for 86 
the uniqueness of the EPIC observation geometry and allows for the integration of 87 
retrieving SLAI into the operational MODIS LAI algorithm. Our goal is not only to 88 
incorporate spectral invariants into the retrieval technique but also resolve known 89 
issues in the theory. The hot spot phenomenon is one of them. A special emphasis 90 
therefore is given to its integration into the spectral invariant technique.  91 
Whereas protocols for validation of satellite derived LAI are well advanced 92 
(Garrigues et al. 2008), there are neither ground truth SLAI data nor methods for 93 
obtaining such data from field measurements. Our secondary objective therefore is to 94 
outline approaches to ground measurements that would allow us not only to validate 95 
satellite derived SLAI but also help product developers to identify deficiencies in the 96 
operational algorithm and develop refinements.  97 
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This paper is organized as follows. A parameterization of the process of photon-98 
canopy interactions in terms of spectrally invariant parameters and how they are linked 99 
to variables measurable in the field are discussed in Section 2 and Appendices A 100 
through C. Study area, field data on canopy structure, leaf and ground spectral 101 
reflectance as well as hyperspectral images needed to validate the LUT are described in 102 
Section 3. The stochastic radiative transfer equations are used to generate the LUT 103 
entries. Its initialization and analyses of its ability to provide relationships between BRF 104 
and canopy structural variables are demonstrated in Sections 4, 5 and Appendix D. The 105 
differences between the MODIS and EPIC LUTs are discussed in Section 6. Finally, 106 
Section 7 summarizes the results. 107 
 108 
2. Theoretical basis 109 
 110 
We introduce a directional variable, Visible Fraction of Leaf Area, VFLA(Ω) defined 111 
as the fraction of the total hemi-surface leaf area that is visible from outside the canopy 112 
along the direction – Ω. Visible Leaf Area Index, VLAI(Ω), in the direction Ω is the 113 
product of LAI and VFLA. Their values give the Sunlit Fraction of Leaf Area (SFLA) and 114 
Sunlit Leaf Area Index (SLAI) in the hot spot direction, i.e., when the direction Ω 115 
coincides with the direction to the sun. Understanding the relationship between canopy 116 
Bidirectional Reflectance Factor (BRF), VFLA and VLAI is our main focus.  117 
The fraction of photons incident on the canopy that are intercepted by phytoelemets 118 
is called the canopy interceptance (Stenberg et al. 2016). The canopy directional 119 
uncollided transmittance is the fraction of photons that are transmitted directly through 120 
gaps in the canopy. These variables depend on canopy structure and vary with the solar 121 
direction. We use the symbols 𝑖0(Ω) and 𝑡0(Ω) to signify the interceptance of, and 122 
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directional uncollided transmittance through, the vegetation illuminated from above by 123 
a monodirectional beam in the direction – Ω. Clearly, 𝑖0(Ω) + 𝑡0(Ω) = 1. Note that 𝑡0(Ω) 124 
can be estimated from field measurements of canopy transmitted radiation using, e.g., a 125 
directional gap fraction sensor LAI-2000 PCA (Rautiainen and Stenberg 2015). The 126 
VFLA(Ω), 𝑖0(Ω) and  𝑡0(Ω)do not depend on wavelength. 127 
The intercepted photons initiate the process of photon-canopy multiple interactions. 128 
We will use the concept of recollision probability to describe this process (Huang et al. 129 
2007; Knyazikhin et al. 2011; Stenberg 2007; Stenberg et al. 2016; Wang et al. 2003). 130 
This variable is the probability that a photon scattered by a phytoelement in the canopy 131 
will interact within the canopy again. The scattered photons can escape the vegetation 132 
through gaps between phytoelements. This event is quantified by the escape 133 
probability. Figure 1 illustrates these definitions. The solid arrows depict photons 134 
incident on both sides of leaf surfaces from different directions. Their total number is N. 135 
A fraction of these photons will be scattered and hit leaves again (dashed arrows). The 136 
scattering event is quantified by the wavelength dependent leaf albedo, 𝜔𝜆, defined as 137 
the fraction of radiation incident on the leaf that is reflected, or transmitted. Let 𝑁′ be 138 
the total number of scattered photons that hit leaves (“dashed arrows” in Fig. 1). Given 139 
N, 𝑁′ and 𝜔𝜆, the recollision probability is 𝑝 = 𝑁
′/(𝜔𝜆𝑁). With the probability (1 − 𝑝) 140 
the scattered photons will escape the vegetation. Their angular distribution is given by 141 
the directional escape probability density, 𝜌(Ω), defined as 𝜌(Ω)|𝜇|𝑑Ω = 𝜋𝑀(Ω)𝑑Ω/142 
(𝜔𝜆𝑁). Here 𝑀(Ω)𝑑Ω is the number of scattered photons exiting the canopy in the 143 
direction Ω (“dash-dot arrows”); 𝜇 = cos 𝜃 and 𝜃 is the polar angle of Ω . Spherical 144 
integration of 𝜋−1𝜌(Ω)|𝜇| results in (1 − 𝑝). Note that whereas the leaf albedo depends 145 
on wavelength, the recollision and escape probabilities are determined by the structure 146 
of the canopy rather than photon frequency or the optics of the canopy (Knyazikhin et 147 
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al. 2011). Our goal is to parameterize the process of photon-canopy interactions in 148 
terms of spectrally invariant parameters that include VFLA, canopy interceptance, 149 
recollision and escape probabilities.   150 
 151 
Figure 1. Recollision and escape probabilities. Solid arrows depict photons incident on leaf 152 
surfaces from different directions. A fraction of these photons will be scattered and hit leaves 153 
again (dashed arrows). The scattering event is quantified by the wavelength dependent leaf 154 
albedo, 𝜔𝜆, defined as the fraction of radiation incident on a leaf that is reflected or transmitted. 155 
Given total numbers, N and 𝑁′, of photons incident on leaf surfaces before (“solid arrows”) and 156 
after one interaction (“dashed arrows”) with leaves, the recollision probability is just 𝑝 =157 
𝑁′/(𝜔𝑁). The directional escape probability is the probability by which a scattered photon will 158 
escape the vegetation in a given direction Ω (“dash-dot arrows”).   159 
 160 
2.1 A simple canopy radiative regime, VFLA and spectral invariants 161 
 162 
It follows from the above definitions that the recollision and escape probabilities 163 
depend on radiation field in the vegetation canopy, i.e., on the magnitude and angular 164 
distribution of radiation incident on leaf surfaces. We start our analyses with the 165 
simplest case where non-absorbing leaves (𝜔𝜆 = 1) in a vegetation canopy are 166 
illuminated by spatially independent isotropic radiation. Here we use a simple 167 
stochastic model of canopy structure to evaluate the spectrally invariant parameters. In 168 
  
 
 9 
this model the vegetation canopy is treated as a stationary Poisson germ-grain 169 
stochastic process (Fig. 2 and Appendix A). For each realization of the canopy structure 170 
we count (a) scattered photons that recollide or (b) exit the canopy in a given direction 171 
Ω, and (c) leaf area (number of segments, Fig. 2b) from which scattered photons can exit 172 
the canopy through gaps along the direction Ω . From this statistics, canopy 173 
interceptance, 𝑖0(Ω) , visible fraction of leaf area, VFLA(Ω) , recollision, 𝑝𝑖𝑠𝑜 , and 174 
directional escape, 𝜌𝑖𝑠𝑜(Ω), probabilities are estimated (Appendix A). We use the 175 
subscript “iso” to designate the special case when leaves are subjected to isotropic 176 
radiation. Our simple model represents a turbid-like medium where the vegetation 177 
elements, leaves or clumps, are idealized as discs. In Sects. 2.3-2.4 we will analyze this 178 
technique in the case of more realistic heterogeneous canopies under varying within-179 
canopy radiation field.  180 
 181 
(a) 
 
(b) 
 
Figure 2. Stochastic model of canopy structure. Points are scattered in a volume 𝑉 according to 182 
a stationary Poisson point process of intensity d (panel a). On each of these points a disc of 183 
radius r (panel b) is placed. Their random orientation is generated with a leaf normal 184 
  
 
 10 
distribution function. The discs represent bi-Lambertian leaves, i.e., the incident photons are 185 
reflected from, or transmitted though, the disc in a cosine distribution about its upward normal. 186 
The disc is divided into n equal areas, which represent smallest resolvable scale. Panel (a) 187 
shows a realization of canopy structure with 207 leaves, each containing n=36 equal areas. The 188 
leaf radius to canopy height ratio, r/H, and mean leaf area volume density, 𝑢𝐿, are 0.03 and 0.5, 189 
respectively. Leaf normals are shown as blue bars. More details are in Appendix A. 190 
 191 
In our simple model, the directional uncollided transmittance follows Beer’s 192 
exponential transmission law, i.e., 𝑡0(Ω) = exp(− 𝜏(Ω))  where 𝜏(Ω) = 𝐺(Ω)𝐿𝐴𝐼/|𝜇| 193 
represents the mean optical path in the direction Ω and 𝐺(Ω) is the geometry factor 194 
defined as the mean projection of unit leaf area onto a plane perpendicular to the 195 
direction Ω (Ross 1981; Stenberg 2006). The visible leaf area index can be estimated as 196 
VLAI = 𝑖0(Ω)|𝜇|/𝐺(Ω) (Wilson 1967). It follows from these relationships that the visible 197 
fraction of leaf area is the ratio between canopy interceptance and the mean optical 198 
path, which can be expressed in terms of the canopy directional uncollided 199 
transmittance as  200 
 201 
VFLA(Ω) =
1 − 𝑡0(Ω)
| ln(𝑡0(Ω)) |
 . (1) 
 202 
Figure 3a shows VFLA vs. LAI curve derived from the stochastic simulations of canopy 203 
structure can be accurately approximated by Eq. (1) in the case of spherically oriented 204 
leaves. Fig. 3b shows that this is true for other types of leaf orientation. 205 
 206 
(a)       (b) 207 
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 208 
Figure 3. Visible Fraction of Leaf Area (VFLA). Panel a: VFLA for spherically oriented leaves as a 209 
function of Leaf Area Index (LAI) for a zenith angle of 9.44o estimated directly from the 210 
stochastic model (legend “Stochastic model”) and calculated with Eq. (1) (legend “Equation”). 211 
Panel b: Correlation between VFLA estimated from the stochastic model (vertical axis) and Eq. 212 
(1) (horizontal axis) for LAI and zenith angle ranges from 1 to 8, and from 0o to 60o, 213 
respectively. The scatter plot includes spherical, planophile, erectophile, plagiophile, 214 
extremophile and uniform leaves (Appendix A). The VFLAs from the stochastic model were 215 
estimated as described in Appendix A.  216 
 217 
Equation (1) is expressed in terms of the directional uncollided transmittance, a 218 
variable that can be estimated from field measurements of canopy transmitted radiation 219 
(Rautiainen and Stenberg 2015). In real canopy the mean optical path depends on 220 
foliage clumping. For example, if we replace discs in the stochastic model with 221 
coniferous shoots the mean optical path becomes 𝜏(Ω) = 𝐺(Ω)𝑓𝐿𝐴𝐼/|𝜇|. The clumping 222 
factor f converts area of needles on the shoot to the shoot silhouette area, which actually 223 
is the visible fraction of needle areas of the shoot. The VFLA calculated using Eq. (1) 224 
should be multiplied by the clumping factor, f, to obtain its true value. In the general 225 
case Eq. (1) therefore results in the effective VFLA, i.e., visible leaf area, VLAI, 226 
normalized by the effective leaf area, 𝑓 ∙ 𝐿𝐴𝐼. The visible leaf area index is then 𝑉𝐿𝐴𝐼 =227 
𝑉𝐹𝐿𝐴 ∙ 𝑓 ∙ 𝐿𝐴𝐼. It follows from this simple relationship that VLAI is independent of the 228 
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clumping factor in the sense that its specification does not depend on whether true 229 
values, (𝑉𝐹𝐿𝐴 ∙ 𝑓) and LAI, or their effective counterparts, 𝑉𝐹𝐿𝐴 and (𝑓 ∙ 𝐿𝐴𝐼), are used. 230 
This property provides a simple approach to derive VLAI from field data. Indeed, both 231 
the effective VFLA and effective LAI can be estimated from measured directional 232 
uncollided transmittance. The former is calculated using Eq. (1) whereas the latter using 233 
the standard technique based on Miller (1967) equation.  234 
In our simple model, the directional escape probability density is related to canopy 235 
interceptance as 236 
 237 
𝜌𝑖𝑠𝑜(Ω) = 0.5
𝑖0(Ω)
LAI
. (2) 
 238 
Spherical integration of 𝜋−1𝜌𝑖𝑠𝑜(Ω)|𝜇| results in the following relationships  239 
 240 
1
𝜋
∫ 𝜌𝑖𝑠𝑜(Ω)|𝜇|𝑑Ω
4𝜋
=  1 − 𝑝𝑖𝑠𝑜 =
𝑖𝑑𝑖𝑓
LAI
 . (3) 
 241 
Here 𝑖𝑑𝑖𝑓 is the interceptance of the vegetation canopy illuminated by the isotropic sky 242 
radiation. This relationship was originally documented in (Stenberg 2007). It follows 243 
from Eqs. (2) and (3) that  244 
 245 
𝜌𝑖𝑠𝑜(Ω)
1 − 𝑝𝑖𝑠𝑜
=  0.5
𝑖0(Ω)
𝑖𝑑𝑖𝑓
  . (4) 
 246 
  
 
 13 
The left hand side of this equation is the fraction of photons exiting the canopy in the 247 
direction Ω relative to the total number of canopy leaving photons. Air- and satellite-248 
borne sensors measure the canopy reflected radiation and thus the fraction of exiting 249 
photons can potentially be estimated from satellite data. On the other hand, it can also 250 
be derived from canopy directional uncollided transmittance. Equation (4) therefore 251 
provides an important link between satellite and ground-based measurements.  252 
Thus the VFLA, fraction of canopy leaving photons, recollision and escape 253 
probabilities for our simple model are expressed in terms of structural variables, 𝑖0(Ω) 254 
and 𝑖𝑑𝑖𝑓, which in turn can be estimated from below canopy measurements of the 255 
canopy directional uncollided transmittance using, e.g., the LAI-2000 plant analyzer 256 
(Rautiainen et al. 2009; Rautiainen and Stenberg 2015; Stenberg 2007). The VLAI and 257 
consequently SLAI can be estimated from VFLA without knowledge of foliage clumping 258 
and leaf normal orientation. Theoretically the VFLA could be derived from 259 
measurements of the above canopy radiation using Eqs. (1)-(4) if leaves were 260 
illuminated by a spatially homogeneous isotropic radiation. This of course is not the 261 
case in reality. The question then arises if there is a relationship between this simple 262 
case and real canopy reflectance. This will be discussed in Sects. 2.3-2.4, which 263 
generalize the results to 3D heterogeneous canopy structure including clumping.  264 
 265 
2.2 Stochastic reflecting boundary 266 
 267 
The BRF of the vegetation reaches its maximum in the backscattering directions. 268 
This is so-called hot spot effect. The EPIC sensor therefore sees the brightest portion of 269 
the canopy reflected radiation. To account for the hot spot phenomenon in the spectral 270 
invariants we introduce a stochastic reflecting canopy boundary as points on leaf 271 
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surfaces from which incident photons can enter the vegetation canopy. For a vegetation 272 
canopy illuminated by a monodirectional solar beam, the sunlit leaves form the 273 
boundary, which depends on the direction, −Ω0, of the incident beam and the 274 
distribution of sunlit leaves within the canopy space. Since the sunlit leaves can occur, 275 
with a certain probability, anywhere in the canopy, the boundary is subjected to both 276 
the direct solar beam and within-canopy diffuse radiation. The boundary scatters the 277 
intercepted photons, which in turn can exit or enter the canopy. The direct incident 278 
beam causes leaf shadowing. At strongly absorbing wavelength such as the blue or red 279 
spectral intervals a fraction of photons scattered by the boundary that enter the canopy 280 
will be absorbed with a high probability. This makes the diffuse radiation negligible. The 281 
canopy reflected radiation is mainly determined by the canopy boundary in this case. At 282 
weakly absorbing wavelength, e.g., the near infrared spectral region, the diffuse 283 
radiation is strong, which in turn tends to weaken the shadows and consequently makes 284 
the sunlit and shaded leaves less contrasting (Kuusk 1991; Nilson 1991).  285 
The canopy boundary is an important structural parameter that impacts canopy 286 
reflective properties. To characterize its stochastic properties we use a Bi-directional 287 
Sunlit Fraction of Leaf Area, BSFLA(Ω&Ω0), defined as a fraction of leaf area that is 288 
simultaneously visible from outside the canopy along directions, – Ω and– Ω0. Figure 4a 289 
shows BSFLA for our simple stochastic model. We also plot VFLA(Ω), VFLA(Ω)VFLA(Ω0) 290 
(Fig. 4a) and the correlation coefficient of VFLA(Ω) and VFLA(Ω0) given by Eq. (A2) (Fig. 291 
4b). There are two important features noteworthy in relation between the leaf areas. 292 
First, the events of seeing gaps from leaf surfaces in two directions are not independent 293 
(Fig. 4b and Eq. A2 in Appendix A). This is effect of finite sizes of the foliage (Kuusk 294 
1991; Nilson 1991), which in turn causes the canopy hot spot effect, i.e. a sharp increase 295 
in canopy reflected radiation when scattering direction Ω approaches the direction to 296 
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the sun Ω0 (Kuusk 1991; Nilson 1991; Qin et al. 1996; Ross and Marshak 1988). Second, 297 
with the increase in the angle between Ω0 and Ω, the correlation decreases from its 298 
maximum to zero, and then levels off (Fig. 4b). Its width decreases with a decrease of 299 
leaf sizes and vanishes for infinitesimal scatters. Beyond a point at which the correlation 300 
saturates, the events become uncorrelated.  301 
The fraction of leaf surface areas “visible” outside the canopy along the direction – Ω 302 
can be expressed as VFLA(Ω) = [1 − ℎ𝑖𝑠𝑜(Ω; Ω0)]VFLA(Ω) + ℎ𝑖𝑠𝑜(Ω; Ω0)VFLA(Ω). The 303 
summands represent fractions of shaded and sunlit leaf areas (Appendix A), and ℎ𝑖𝑠𝑜 is 304 
the correlation coefficient of VFLA(Ω) and SFLA (Fig. 4b). The probability that photons 305 
scattered by shaded leaves will exit the vegetation in the direction Ω  is [1 −306 
ℎ𝑖𝑠𝑜(Ω; Ω0)]𝜌𝑖𝑠𝑜(Ω) (Appendix A). Some of the photons scattered by the boundary will 307 
escape vegetation canopy with unit probability. Their fraction is given by 308 
𝑗𝑖𝑠𝑜(Ω; Ω0)ℎ(Ω; Ω0) where 𝑗𝑖𝑠𝑜  is the anisotropy of the boundary reflected radiation, 309 
which is determined by the area scattering phase function and geometry factor 310 
(Appendix A).  311 
 312 
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(a)           (b) 313 
 314 
Figure 4. Bi-directional Sunlit Fraction of Leaf Area, BSFLA(Ω&Ω0), derived from the 315 
stochastic model of canopy structure (Fig. 2). Panel a: BSFLA(Ω&Ω0) as a function of zenith 316 
angle 𝜃 of the direction Ω (legend “BSFLA”). Zenith angle of Ω0  is 41
o. Also shown are 317 
VFLA(Ω)  (legend “VFLA”) and VFLA(Ω)VFLA(Ω0)  (legend “VFLA*SFLA”). Here 318 
r/H=0.005; d=6366; 𝑢𝐿 = 𝜋𝑟
2𝑑=0.5. Panel b: Correlation coefficient of VFLA(Ω) and 319 
SFLA = VFLA(Ω0) as a function of 𝜃 for relative leaf sizes r/H=0.01, 0.005 and 0.0025. 320 
Its definition is given in Appendix A. 321 
 322 
Thus, the escape probability density, 𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0), for our simple model with the 323 
stochastic boundary in the direction Ω0 is a weighted sum of the escape probabilities for 324 
shaded and sunlit leaves, i.e., 𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0) = [1 − ℎ𝑖𝑠𝑜(Ω; Ω0)]𝜌𝑖𝑠𝑜(Ω) + 325 
ℎ𝑖𝑠𝑜(Ω; Ω0)𝑗𝑖𝑠𝑜(Ω; Ω0). Spherical integration of 𝜋
−1𝜌𝑏,𝑖𝑠𝑜(Ω)|𝜇|  results in (1 − 𝑝𝑏,𝑖𝑠𝑜) 326 
where 𝑝𝑏,𝑖𝑠𝑜  is the recollision probability. Some of the boundary scattered photons will 327 
escape the vegetation with unit probability. This lowers the probability for photons to 328 
recollide (i.e., 𝑝𝑏,𝑖𝑠𝑜 ≤ 𝑝𝑖𝑠𝑜 ) and consequently enhances the likelihood of photons 329 
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escaping the vegetation (i.e., 𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0) ≥ 𝜌𝑖𝑠𝑜(Ω)). Our next step is to demonstrate 330 
validity of these relationships in the general case of 3D heterogeneous canopy. 331 
 332 
2.3 Generalization to 3D heterogeneous vegetation canopies 333 
 334 
The goal of this section is to generalize our results presented in Sects. 2.1 and 2.2. 335 
This will be done based on analyses of the stochastic radiative transfer equations 336 
(SRTE) (Appendix B). These equations accurately account for the canopy structure over 337 
a wide range of scale through the use of the pair-correlation function (Huang et al. 338 
2008). Here we focus on the 3D vegetation canopy bounded from below by a non-339 
reflecting surface. A physically based technique to account for contributions from 340 
reflecting canopy background will be detailed in Section 5 as part of our validation 341 
efforts. 342 
Let the 3D vegetation canopy bounded from below by a non-reflecting surface be 343 
subjected to a monodirectional beam in the direction – Ω0. We represent the directions 344 
to the Sun, Ω0, and sensor, Ω, by cosines of the sun, 𝜇0 = cos 𝜃0, and sensor, 𝜇 = cos 𝜃, 345 
polar angles, and their associated azimuths. The sunlit leaves in the direction Ω0 form 346 
the canopy boundary. The incoming photons scattered by the boundary will interact 347 
with both shaded leaves and the boundary. The singly scattered photons that have not 348 
exited the canopy undergo the second interaction, resulting in a radiation field 349 
generated by photons scattered two times. A fraction of these photons in turn will 350 
recollide and give rise to a radiation field generated by photons scattered three times, 351 
etc. Let 𝐼𝑚(𝑧, Ω) and 𝐹𝑚 be the horizontal average radiance of radiation field generated 352 
by photons scattered m times and associated mean irradiance on leaf sides (Eq. B2 in 353 
Appendix B.1), respectively. By definition (Fig. 1), the escape and recollision 354 
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probabilities are 𝜌𝑚(Ω; Ω0) = 𝜋𝐼𝑚(𝑧𝑏, Ω)/(𝜔𝜆𝐹𝑚−1) and 𝑝𝑚 = 𝐹𝑚/(𝜔𝜆𝐹𝑚−1). Here 𝑧𝑏 =355 
0 represents the upper horizonal surface above the canopy in the case of upward 356 
directions, and a surface beneath the canopy, 𝑧𝑏 = 𝐻, for downward directions. Here 357 
symbols Ω and −Ω designate upward and downward directions. We start our analyses 358 
assuming that the foliage does not absorb radiation i.e., 𝜔𝜆 = 1. 359 
The Directional Area Scattering Function (DASF) is defined as the BRF of a 360 
vegetation canopy with non-absorbing leaves (𝜔𝜆 = 1) and bounded underneath by a 361 
non-reflecting surface (Knyazikhin et al. 2013). It can be expanded in successive order 362 
of scattering, or in Neumann series (Huang et al. 2007),  363 
 364 
𝐷𝐴𝑆𝐹(Ω; Ω0)𝜇0 = [𝜌1(Ω; Ω0) + 𝜌2(Ω; Ω0)𝜃1 + ⋯ + 𝜌𝑚+1(Ω; Ω0)𝜃𝑚
𝑚 + ⋯ ]𝑖0(Ω0) , (5) 
 365 
where 𝜃𝑚 = √𝑝1𝑝2 … 𝑝𝑚
𝑚 . The escape probability corresponding to the mth scattering 366 
order can be represented as  367 
 368 
𝜌𝑚(Ω; Ω0) = [1 − ℎ𝑚(Ω; Ω0)]𝜌0𝑚(Ω) + 𝑗𝑖𝑠𝑜(Ω; Ω0)ℎ𝑚(Ω; Ω0) . (6) 
 369 
Here 𝜌𝑚  and 𝜌0𝑚  are escape probability densities for canopies with and without the 370 
stochastic boundary, respectively, and ℎ𝑚 is the correlation coefficient calculated as 371 
detailed in Appendix B.2. Integration of 𝜋−1𝜌𝑚|𝜇| over the unit sphere results in 1 − 𝑝𝑚 372 
(Huang et al. 2007). The aim of this subsection is to understand relationships between 373 
𝜌𝑖𝑠𝑜 , 𝑝𝑖𝑠𝑜 , 𝜌𝑚  and 𝑝𝑚. Here we closely follow the theory documented in (Huang et al. 374 
2007). All calculations were performed using the stochastic radiative transfer equations.  375 
Figure 5 shows the escape, 𝜌𝑚(Ω; Ω0), and recollision, 𝑝𝑚, probabilities as functions 376 
of m. For view directions outside of the hot spot region, i.e., ℎ𝑚(Ω; Ω0)~0 and 377 
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𝜌𝑚(Ω; Ω0)~𝜌0𝑚(Ω), the escape probabilities for up- and downward directions vary with 378 
the number of successive scattering and reach plateaus from above and below after 379 
about 7-8 iterations (Fig. 5a). The semi-sum, ?̅?𝑚(Ω; Ω0) = 0.5[𝜌𝑚(Ω; Ω0) + 𝜌𝑚(−Ω; Ω0)], 380 
saturates faster, after two to three scattering events in this example. The corresponding 381 
recollision probability 𝑝𝑚 is related to ?̅?𝑚  via Eq. (3) and thus it converges at the same 382 
or a faster rate. The limits ?̅?𝑚and 𝑝𝑚 approximate 𝜌𝑏,𝑖𝑠𝑜(Ω) and 𝑝𝑏,𝑖𝑠𝑜 . In the hot spot 383 
direction (Fig. 5b), i.e., when Ω~Ω0  (and ℎ𝑚(Ω; Ω0)~1 ), the escape probability 384 
𝜌𝑚(Ω; Ω0)  is almost independent of the scattering order and approximates 385 
𝑗𝑖𝑠𝑜(Ω; Ω0)ℎ𝑚(Ω; Ω0), suggesting a negligible variation of ℎ𝑚 with m. 386 
 387 
   (a)        (b) 388 
 389 
Figure 5. Panel a: Directional escape probability densities in up-, 𝜌𝑚(Ω), and downward, 390 
𝜌𝑚(−Ω) , directions, their mean, 0.5[𝜌𝑚(Ω) + 𝜌𝑚(−Ω)]  (left axis), and recollision 391 
probability, 𝑝𝑚 (right axis) for 11 scattering orders. Here solar zenith angle (SZA) and view 392 
zenith angle (VZA) are 41o and  49.1o, respectively. Panel b: Directional escape probabilities 393 
in up-, 𝜌𝑚(Ω), and downward, 𝜌𝑚(−Ω), directions for SZA=VZA=49.1
o and 11 scattering 394 
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orders. 𝜌𝑖𝑠𝑜(Ω) is shown on both plots. The stochastic radiative transfer equations were used 395 
to derive these variables. LAI=5, ground cover was 0.8.  396 
Figure 6a shows an important feature of radiation fields corresponding to scattering 397 
orders at which the escape probability density saturates: 𝐼8(𝑧, Ω; Ω0) is proportional to 398 
𝐼7(𝑧, Ω; Ω0), i.e., 𝐼8(𝑧, Ω; Ω0) = 𝑝8𝐼7(𝑧, Ω; Ω0). It means that the radiative field generated 399 
by photons scattered 7 times is reduced by a factor 𝑝8 as result of one interaction. The 400 
coefficient of proportionality is the recollision probability, i.e., 𝑝8 = 𝐹8/𝐹7 (Huang et al. 401 
2007). It follows from these relationships that 𝐼8(𝑧, Ω; Ω0)/𝐹8 = 𝐼7(𝑧, Ω; Ω0)/𝐹7. This 402 
example illustrates a fundamental property of the 3D radiative transfer equation, i.e., 403 
the sequences 𝑝𝑚 = 𝐹𝑚/𝐹𝑚−1 and 𝑒𝑚(𝑧, Ω; Ω0) = 𝐼𝑚(𝑧, Ω; Ω0)/𝐹𝑚, 𝑚 = 1,2, ⋯ , converge 404 
to the unique positive eigenvalue 𝑝∞ of the radiative transfer equation, corresponding 405 
to the unique positive (normalized to unity) eigenvector 𝑒∞(𝑧, Ω; Ω0) (Huang et al. 2007; 406 
Vladimirov 1963). For a sufficiently large number of scattering events, the radiance 407 
𝐼𝑚(𝑧, Ω; Ω0) and, consequently, the escape probability density can be accurately 408 
approximated as 𝐼𝑚(𝑧, Ω; Ω0) = 𝑝∞
𝑚𝑒∞(𝑧, Ω; Ω0) and 𝜌𝑚(Ω; Ω0) = 𝑝∞𝑒∞(𝑧𝑏, Ω; Ω0). In this 409 
example 𝑒𝑚 reaches its limit after 6-7 iterations, i.e., 𝐼𝑚(𝑧, Ω; Ω0) = 𝑝∞
𝑚𝑒7(𝑧, Ω; Ω0), and 410 
because 𝑝𝑚 saturates after two to three scattering events (Fig. 5a), 𝑝∞ ≈ √𝑝1𝑝2 ≈ 𝑝𝑖𝑠𝑜 . 411 
In general case the rate of convergence depends on 𝑝∞: the higher its value, the slower 412 
the convergence (Huang et al. 2007).  413 
 414 
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(a)                (b) 415 
 416 
Figure 6. Panel a: Relationship between 𝐼8(𝑧, Ω; Ω0) and 𝐼7(𝑧, Ω; Ω0) for 𝑧 = 0, 0.2, 0.4, ⋯ ,1  417 
(in relative units) and 217 upward directions. Panel b: Escape probabilities 𝜌7(Ω; Ω0), 𝜌07(Ω) 418 
(vertical axis on the left side) and the correlation coefficient ℎ7 (vertical axis on the right 419 
side) in the principal plane as functions of view zenith angle of Ω. The probabilities are 420 
related as 𝜌7(Ω; Ω0) = (1 − ℎ7)𝜌07(Ω) + ℎ7𝑗𝑖𝑠𝑜(Ω; Ω0) where the correlation coefficient ℎ7 421 
was calculated as described in Appendix B.2. The stochastic radiative transfer equations with 422 
inputs as in Fig. 5 were used to derive these variables.  423 
 424 
Figure 6b illustrates Eq. (6) for m=7. The boundary lowers the probability for 425 
photons to recollide and consequently enhances the likelihood of photons escaping the 426 
vegetation. This is seen in Fig. 6b: 𝜌𝑚(Ω; Ω0) differs from 𝜌0𝑚(Ω) by factor (1 − ℎ7) and 427 
therefore 𝜌𝑚(Ω; Ω0) ≥ 𝜌0𝑚(Ω). This yields an opposite inequality for the recollision 428 
probabilities. The escape probability densities 𝜌0𝑚(Ω) and 𝜌0𝑚(−Ω) converge to their 429 
limits almost symmetrically from above and below for all directions. Their semi-sum 430 
therefore approximates 𝜌𝑖𝑠𝑜(Ω) for all directions, too. This is because the sensitivity of 431 
the term 𝜌0𝑚(Ω) to Ω0 diminishes with the scattering order m. Its limit becomes 432 
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independent on the direction of the incident beam in the case of canopies without 433 
stochastic boundary.  434 
Solutions of the radiative transfer equation describe photons just before their 435 
interactions with scattering centers. In vegetation canopies it is radiance incident on the 436 
leaf surface. Distribution of photons just after their interactions is treated as 437 
distribution of sources on leaf surfaces, which is given by the source function (Eq. (B3) 438 
in Appendix B.1). Figure 7a shows vertical profiles of the horizontal and angular 439 
averages of source functions, 𝑆𝑚 , generated by the normalized radiance 𝑒𝑚(𝑧, Ω) 440 
incident on leaf surfaces. Spherical integration of 𝑒𝑚(𝑧, Ω) (as defined by Eq. B3 in 441 
Appendix B.1) significantly lowers the angular variation in the source function (Davis 442 
and Knyazikhin 2005; Knyazikhin et al. 2011). In this example the coefficient of angular 443 
variation of the source function (std/mean) is below 1.7% (Fig. 7b). 444 
Thus, the scattering properties of the vegetation canopy are calculated as the sum of 445 
contributions from photons of different scattering orders (Eq. 5). For sufficiently large 446 
m, the within canopy radiation regime is generated by spatially varying almost isotropic 447 
sources on leaf surfaces (Fig. 7). This feature makes the radiative regime similar to our 448 
simple model where the leaf-scattered radiation generates perfectly isotropic sources. 449 
Spatial variation of sources does not impact the recollision and escape probabilities. 450 
This is not true for low scattering orders. Our next step is to understand their impact on 451 
the average escape and recollision probabilities.  452 
 453 
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(a)           (b) 454 
 455 
Figure 7. Vertical profiles of horizontal and angular averages of source functions (panel a) 456 
and coefficient of variation (std/mean, panel b) due to radiative filed 𝑒𝑚(𝑧, Ω)  for 10 457 
scattering orders. The dimensionless vertical axes show values of 𝑧/𝐻 where H is the canopy 458 
height. The stochastic radiative transfer equations with inputs as in Fig. 5 were used. The 459 
source function is defined by Eq. B3. 460 
 461 
2.4 DASF and BRF  462 
 463 
Based on Eq. (5) we define the average escape probability density as  464 
 465 
𝜌𝐴(Ω; Ω0) = ∑ 𝜌𝑚(Ω; Ω0)𝑤𝑚−1
∞
𝑚=1
 . (7) 
 466 
The weight 𝑤𝑚 = 𝜃𝑚
𝑚/ ∑ 𝜃𝑘
𝑘∞
𝑘=0 , with 𝜃0 set to 1, accounts for the contribution of the mth 467 
scattering order. Because spherical integration of 𝜋−1𝜌𝑚(Ω)|𝜇| results in 1 − 𝑝𝑚  for 468 
each m (Huang et al. 2007), the average escape probability also follows this relationship, 469 
i.e.,  470 
 471 
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1
𝜋
∫ 𝜌𝐴(Ω; Ω0)|𝜇|𝑑Ω
4𝜋
= 1 − ∑ 𝑝𝑚𝑤𝑚−1
∞
𝑚=1
= 1 − 𝑝𝐴 , (8) 
 472 
where 𝑝𝐴 is the average recollision probability (Stenberg 2007; Stenberg et al. 2016). 473 
Note that the weight 𝑤𝑚  can be expressed as 𝑤𝑚 = 𝜃𝑚
𝑚(1 − 𝑝𝐴). In terms of these 474 
notations the DASF takes the following form, 475 
 476 
𝐷𝐴𝑆𝐹(Ω; Ω0) =
𝜌𝐴(Ω; Ω0)𝑖0(Ω0)
1 − 𝑝𝐴
 . (9) 
 477 
The escape and recollision probabilities were introduced as conditional 478 
probabilities, i.e., they refer to photons that “survive” the scattering event (Fig. 1). The 479 
joint probabilities of recollision, escape and scattering events are 𝜔𝜆𝜌𝐴 and 𝜔𝜆𝑝𝐴. The 480 
BRF therefore becomes,  481 
 482 
BRF𝜆(Ω0, Ω) =
𝜔𝜆𝜌𝐴(Ω; Ω0)𝑖0(Ω0)
1 − 𝜔𝜆𝑝𝐴
= DASF ∙ 𝑊𝜆(𝑝𝐴) ,  (10) 
 483 
where  484 
 485 
𝑊𝜆(𝑝𝐴) = 𝜔𝜆
1 − 𝑝𝐴
1 − 𝜔𝜆𝑝𝐴
  , (11) 
 486 
is the canopy scattering coefficient (Knyazikhin et al. 2013; Lewis and Disney 2007; 487 
Smolander and Stenberg 2005; Stenberg et al. 2016). Equation (10) is the solution of the 488 
stochastic radiative transfer equations for the mean radiance formulated for a 489 
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vegetation canopy bounded from below by a non-reflecting surface. We point out some 490 
features that are useful for developing inverse remote sensing techniques and their 491 
validation.  492 
First, for vegetation canopies with a dark background or for sufficiently dense 493 
vegetation where the impact of the canopy background is negligible, the DASF and the 494 
scattering coefficient can be directly retrieved from the BRF spectrum without the use 495 
of canopy reflectance models, prior knowledge, or ancillary information regarding the 496 
leaf optical properties using a simple algorithm documented in (Knyazikhin et al. 2013). 497 
The DASF, which is stored in the LUT, can be directly assessed using hyperspectral 498 
reflectance data acquired over dense canopies. We also use this algorithm to obtain the 499 
average escape and recollision probabilities from solutions of the stochastic radiative 500 
transfer equations (Appendix C). 501 
Second, the decomposition Eq. (6) is also valid for the average escape probability 502 
density, i.e., 𝜌𝐴 is a weighted sum of the averaged escape probability densities for 503 
shaded, 𝜌0𝐴(Ω), and sunlit, 𝑗𝑖𝑠𝑜(Ω; Ω0), leaves. The DASF therefore can be represented as 504 
 505 
𝐷𝐴𝑆𝐹(Ω; Ω0)𝜇0 = [1 − ℎ(Ω; Ω0)]
𝜌0𝐴(Ω)𝑖0(Ω0)
1 − 𝑝𝐴
+ ℎ(Ω; Ω0)
𝑗𝑖𝑠𝑜(Ω; Ω0)𝑖0(Ω0)
1 − 𝑝𝐴
= [1 − ℎ(Ω; Ω0)]𝐷𝐴𝑆𝐹0(Ω; Ω0)𝜇0 + ℎ(Ω; Ω0)𝐷𝐴𝑆𝐹𝑏(Ω; Ω0)𝜇0 . 
(12) 
 506 
Figure 8a shows the average probabilities 𝜌𝐴(Ω; Ω0), 𝜌0𝐴(Ω; Ω0), and the correlation 507 
coefficient h. Our analyses suggest that the correlation coefficient varies insignificantly 508 
with scattering order (Fig. 5b). Figure 8b reinforces this feature: the correlation 509 
coefficient derived from full solutions of the stochastic radiative transfer equations 510 
compares well with its 7th order approximation. This property has a simple physical 511 
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interpretation. Indeed, photons scattered by the boundary toward the sun will escape 512 
vegetation with unit probability. Their amount depends on the boundary area, which in 513 
turn is determined by the canopy structure rather than within-canopy radiation regime.  514 
 515 
(a)             (b)         516 
     517 
Figure 8. Panel a: Average escape probabilities 𝜌𝐴(Ω; Ω0), 𝜌0𝐴(Ω) (vertical axis on the left 518 
side) and the correlation coefficient h (vertical axis on the right side) as functions of view 519 
zenith angle of Ω. Panel b: Comparison of the correlation coefficients derived from the SRTE 520 
(horizontal axis) and radiative field generated by photons scattered 7 times (vertical axis).  521 
 522 
Finally, the semi-sum ?̅?0𝑚(Ω) and geometric mean 𝜃𝑚  of recollision probabilities 523 
converge to 𝜌𝑖𝑠𝑜(Ω) and 𝑝𝑖𝑠𝑜 very fast (Fig. 5a). Approximating ?̅?0𝑚(Ω) and 𝜃𝑚  in Eq. (7) 524 
by their limiting values, one obtains an approximation of the average semi-sum, i.e., 525 
?̅?0𝐴(Ω)(1 − 𝑝𝑖𝑠𝑜)/(1 − 𝑝𝐴) ≈ 𝜌𝑖𝑠𝑜(Ω). For view directions outside of the hot spot region 526 
therefore the following relationship takes place,  527 
 528 
𝜌𝑖𝑠𝑜(Ω)
1 − 𝑝𝑖𝑠𝑜
𝑖0(Ω0) ≈
?̅?𝐴(Ω)
1 − 𝑝𝐴
𝑖0(Ω0). (13) 
 529 
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The left hand side of this equation is the Directional Area Scattering Factor, 𝐷𝐴𝑆𝐹𝑖𝑠𝑜 , in 530 
the case when leaves are subjected to isotropic radiation. This variable can be estimated 531 
from below canopy measurements of the canopy directional uncollided transmittance 532 
using Eq. (4). Equations (1)-(4) therefore provide a basis for validation of the radiative 533 
transfer approach and assessments of retrieval techniques based on this approach.  534 
Thus the BRF of a vegetation canopy bounded from below by a non-reflecting 535 
surface is expressed as a solution of the stochastic radiative transfer equations 536 
parameterized in terms of the measurable spectrally invariant parameters. This 537 
underlies our theoretical basis for developing LUT for the use with the DSCOVR EPIC 538 
data.  539 
 540 
3. Study area and data used 541 
 542 
3.1 Site description 543 
 544 
This research is focused on Hyytiälä forest (Fig. 9) in the southern boreal zone in 545 
central Finland (61°50’N, 24°17’E). Dominant tree species are Norway spruce (Picea 546 
abies), Scots pine (Pinus sylvestris) and Silver birch (Betula pendula). Understory 547 
vegetation is classified as xeric, sub-xeric, mesic or herb-rich vegetation based on the 548 
species richness and abundance. The understory typically consists of two layers: the 549 
ground layer, which is mainly composed of mosses and lichens, and the upper layer, 550 
which is composed of, for example, dwarf shrubs and grasses. The growing season 551 
typically begins in early May and senescence in late August. Eighteen study sites 552 
representing different species and understory compositions were chosen for our 553 
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analyses (Table 1). A detailed description of the study sites can be found in (Heiskanen 554 
et al. 2013).  555 
 556 
 557 
Figure 9. Hyytiälä forest and distribution of study sites. The true color composite image 558 
is from Hyperion hyperspectral cube acquired on July 3, 2010. 559 
 560 
3.2 Field data 561 
 562 
Data used in our research were sampled during peak growing season (June-July) on 563 
18 locations (Fig. 9) in 2010 and 2012 (Lukeš et al. 2013; Rautiainen and Lukeš 2015; 564 
Rautiainen et al. 2011). 565 
The effective leaf area index and canopy directional uncollided transmittances were 566 
estimated from LAI-2000 Plant Canopy Analyzer data collected on selected locations 567 
between June 22 and July 4, 2010 when foliage had reached its maximum size. The 568 
measurements were taken shortly after (before) sunset (sunrise), or during overcast 569 
days, when forest was illuminated only by diffuse light. The sampling scheme was a 570 
cross with 12 measurement points: two perpendicular 6-point transects with 4-meter 571 
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intervals between the measurement points. The forest measurements were made 572 
without view restrictors. The understory was excluded from the field of view since the 573 
measurements were taken at a height of 0.7 m. In addition to LAI-2000 measurements, 574 
stand basal area (BA), fractions of pine, spruce and birch trees (based on basal area), 575 
mean stem diameter at breast height (DBH), mean crown lengths and understory type 576 
for all 18 plots were measured (Table 1). The stand density was calculated as BA/[𝜋 ∙577 
(0.5DBH)2]  (in stem/m2). Angular profiles of canopy directional uncollided 578 
transmittances and effective LAI are shown in Fig. 10a. A detailed description of the 579 
measurements is documented in (Heiskanen et al. 2012; Rautiainen and Lukeš 2015). 580 
 581 
Table 1 Species compositions, mean stem diameter at breast height (DBH), mean crown 582 
length, mean stand basal area (BA) and understory type for 18 plots in Hyytiälä forest. 583 
The Silver birch dominated site B7 and Norway spruce dominated site S4 are also 584 
treated as mixed forests.  585 
Site 
ID 
Scots 
pine 
% 
Norway 
spruce 
% 
Silver 
birch 
% 
DBH 
cm 
Crown 
length, m 
BA 
m2/ha 
Understory 
B1 0 12.1 87.9 16.3 9.5 10.7 Mesic 
B2 0 0 100.0 12.2 10.6 10.7 Herb-rich 
B3 0 0 100.0 12.3 7.9 21.0 Mesic 
B4 0 2.7 97.3 12.0 5.8 20.6 Herb-rich 
B5 0 11.1 88.9 8.9 4.9 27.0 Herb-rich 
B6 0 8.1 91.9 14.2 5.8 20.9 Mesic 
B7 0 48.2 51.8 24.3 10.1 27.2 Mesic 
P1 99.6 0.4 0 17.7 6.6 20.4 Mesic 
P2 83.8 14.7 1.5 25.1 3.3 20.5 Sub-xeric 
P3 95.2 1.5 3.2 20.0 8.6 24.3 Mesic 
P4 65.4 26.9 7.7 24.3 6.2 26.0 Sub-xeric 
S1 22.6 70.7 6.7 17.8 11 24.9 Mesic 
S2 4.0 89.0 7.0 18.9 9.7 20.9 Mesic 
S3 0.7 99.3 0 8.8 6.9 10.0 Mesic 
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S4 8.1 51.0 40.9 14.2 8.1 22.2 Mesic 
S5 0 76.1 23.9 18.7 11.1 27.5 Mesic 
S6 0 99.0 1.0 14.4 7.3 31.7 Mesic 
S7 9.1 76.9 13.9 17.3 10.5 29.1 Xeric 
 586 
(a) 587 
 588 
(b)        (c) 589 
 590 
Figure 10. Panel a: Angular profile of canopy directional uncollided transmittance 591 
(vertical axis on the left side) and effective leaf area index (vertical axis on the right side) 592 
for 18 locations (Table 1). Canopy directional uncollided transmittances are centered at 593 
five zenith angles: 7o, 23o, 38o, 53o, and 68o (legends “Tran 7” through “Tran 68”). Panel 594 
b:  HCRF spectra of four understory types: herb-rich, mesic, sub-seric and xeric. Panel c: 595 
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Leaf spectral albedo of Scots pine, Norway spruce needles, and Silver birch leaf (dashed 596 
lines, vertical axis on the left side). BRF spectra of pure Silver birch (B3), Scots pine (P1), 597 
Norway spruce (S3) and mixed (B7) plots (solid lines, vertical axis on the right side). 598 
 599 
Nadir hemispherical-conical reflectance factors (HCRF) of the understory in the 600 
spectral region from 325 nm to 1075 nm at spectral resolution of approximately 3 nm at 601 
700 nm were measured between June 29 and July 6, 2010 under diffuse light conditions 602 
using a FieldSpec UV/VNIR  Spectroradiometer without fore-optics (i.e. the field-of-view 603 
was 25 degrees). Forty measurement points were made for each understory type at 604 
intervals of 0.7 m on a 28 m long permanent transect. The ground area sampled at each 605 
point was approximately a circle with radius of 25 cm (Rautiainen et al. 2011). Spectra 606 
of understory HCRFs are shown in Fig. 10(b). Note that we follow standard reflectance 607 
nomenclature used in remote sensing (Martonchik et al. 2000; Schaepman-Strub et al. 608 
2006) 609 
Directional-hemispherical reflectance (DHRF) and transmittance (DHTF) of abaxial 610 
and adaxial sides of Norway spruce, Scots pine and Silver birch needles and leaves from 611 
the Hyytiälä forests were measured under laboratory conditions using ASD RTS-3ZC 612 
integrating sphere and ASD FieldSpec 3 PRO spectroradiometer in the spectral interval 613 
from 350 to 2500 nm with a spectral resolution of 3 nm at 700 nm and 10 nm at 1400 614 
and 2100 nm between June 11 and 28, 2012 (Lukeš et al. 2013). Leaf albedo was 615 
calculated as sum of DHRF and DHTF. To measure conifer needle optical properties, the 616 
needles were secured in a special holder developed by (Malenovský et al. 2006) at 617 
distances equal to or smaller than their thickness. The needle samples were scanned 618 
using a desktop document scanner, from which between-needle gap fractions were 619 
estimated using Otsu’s automatic threshold method (Otsu 1975). The gap fraction was 620 
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used to correct DHRF and DHTF of conifer needles. A detailed description of this data 621 
set and measurement technique are documented in (Lukeš et al. 2013). Mean spectra of 622 
leaf albedos used in our research are shown in Fig. 10 (c). Maximum values of standard 623 
deviations were 0.029 (birch), 0.038 (pine) and 0.047 (spruce). The data are publicly 624 
available through the SPECCHIO database (Hueni et al. 2009). 625 
 626 
3.3 Hyperion data 627 
 628 
We used hyperspectral data from EO-1 Hyperion image (L1B product) acquired over 629 
the Hyytiälä forest on July 3, 2010. Hyperion is a narrowband imaging spectrometer 630 
that registers radiance in 242 spectral bands from 356 to 2577 nm, with about 10 nm 631 
bandwidth. Data spatial resolution is 30 m. The swath width is 7.7 km, and data are 632 
typically collected in 7.5km by 100 km images (Pearlman et al. 2003). The striping, 633 
missing lines and spectral smile were removed from images or corrected using spectral 634 
moment matching (Sun et al. 2008), local destriping (Goodenough et al. 2003), 635 
interpolation and the pre-launch calibration measurements, respectively. The 636 
atmospheric correction was performed with the Fast Line-of-sight Atmospheric 637 
Analysis of Spectral Hypercubes (FLAASH) algorithm (Matthew et al. 2000). This 638 
technique results in an approximation of surface BRF. A detailed description of the 639 
processing of Hyperion images acquired over our study area can be found in (Heiskanen 640 
et al. 2013; Rautiainen and Lukeš 2015). The solar and view zenith angles were 41o and 641 
13.8o; the relative azimuthal angle (RAA) of the Hyperion sensor was 62.73o. BRF 642 
spectra of pure Silver birch (B3), Scots pine (P1), Norway spruce (S3) and mixed (B7) 643 
plots are shown in Fig. 10 (c). In our analyses, a plot was defined “pure” when at least 90% 644 
of the trees (by stem count) belonged to the given tree species. 645 
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 646 
4. Initialization of the stochastic radiative transfer equations 647 
 648 
Structural variables that the stochastic radiative transfer equations admit include 649 
the conditional pair-correlation function, 𝐾(𝑧, 𝜉, Ω), the fraction, 𝑎(𝑧), covered by tree 650 
crowns at depth z, and extinction coefficient, 𝜎(Ω) (Appendix B.1). Our goal is to derive 651 
these variables from field data. We use analytical equations for 𝐾 and 𝑎 developed for 652 
mean tree crown idealized as a vertical solid, i.e., volume obtained by rotating a curve 653 
about the vertical axis (Huang et al. 2008). Under this assumption the conditional pair-654 
correlation function and fraction 𝑎(𝑧) are explicit functions of the aspect ratio (crown 655 
length to crown diameter ratio) and stand density (Schull et al. 2011).  656 
Specification of the extinction coefficient, 𝜎(Ω) = 𝑢𝐿𝐺(Ω), requires effective leaf area 657 
volume density 𝑢𝐿 (in m2/m3) and geometry factor 𝐺(Ω). The latter is determined by the 658 
type of leaf orientation (Ross 1981; Stenberg 2006). We use the inclination index of 659 
foliage area to parameterize the geometry factor (Ross 1981). This index characterizes 660 
the deviation of leaf orientation from the spherical distribution and allows us to 661 
approximate the extinction coefficient for leaf and needle canopies as 𝜎(Ω) = 0.5𝛽𝑢𝐿, 662 
where the weight 𝛽 varies between 0 and 2. In the framework of the stochastic 663 
approach the effective leaf area volume density is related to the effective leaf area index, 664 
LAI, mean crown length, 𝐻𝑐, and stand density, d, as (Schull et al. 2011) 665 
 666 
LAI = 𝑢𝐿 ∫ {1 − exp[ − 𝑑𝜋𝑟
2(𝑧)]}𝑑𝑧
𝐻𝑐
0
 (14) 
 667 
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Here 𝑟(𝑧) is the mean radius of the crown horizontal cross section at depth z, which in 668 
turn depends on the crown shape and aspect ratio (Schull et al. 2011).  669 
Thus, data on stand density, d, mean crown length, 𝐻𝑐, leaf orientation, 𝛽, leaf area 670 
volume density, 𝑢𝐿, and crown aspect ratio, A, are needed to specify the coefficients that 671 
appear in the stochastic radiative transfer equations. The Norway spruce, Scots pine  672 
(Rautiainen et al. 2008) and Silver birch stands were idealized as forests consisting of 673 
ellipsoidal in shape trees. The stand density was calculated from the BA and DBH data 674 
as described in Sect. 3. The leaf area volume density can be estimated from Eq. (14) if 675 
the aspect ratio, crown length and effective LAI are known.  676 
The site specific crown aspect ratio, A, and parameter 𝛽 were estimated by selecting 677 
the most probable pair (𝐴, 𝛽)  for which angular profiles of canopy directional 678 
uncollided transmittance predicted by the stochastic radiative transfer equations (Eqs. 679 
B1 in Appendix B.1), agree with their measured counterparts (Fig. 10) to within 680 
measurement uncertainties as follows. First, we expressed the leaf area volume density 681 
as a function of aspect ratio using Eq. (13) and measured effective LAI, stand density 682 
and mean crown length. Second, for each pair (𝐴, 𝛽) we solved the stochastic radiative 683 
transfer equations for the directional uncollided transmittance (Appendix B.1) to obtain 684 
the angular profile of the directional uncollided transmittance as a function of the aspect 685 
ratio and leaf orientation. Next, we generated a set of acceptable solutions, which 686 
contained pairs (𝐴, 𝛽) for which the RMSE between the modeled and measured profiles 687 
was below measurement uncertainty, which was set to 0.025. Finally, we selected most 688 
probable pair (𝐴, 𝛽) from histograms of the acceptable A and 𝛽 values. This algorithm 689 
estimates mean within-crown extinction coefficient by correcting mean optical paths for 690 
crown geometry effects.  691 
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The above procedure was applied to each of 18 sites. Comparisons between 692 
simulated and predicted angular profiles suggest that the stochastic radiative transfer 693 
equations with the site specific structural parameters provide accurate estimates of the 694 
canopy directional uncollided transmittance (Fig. 11).  695 
 696 
 697 
Figure 11. Correlation between measured directional uncollided transmittances 698 
(horizontal axis) and predicted by the stochastic radiative transfer equations (vertical 699 
axis) for five zenith angles, 7o, 23o, 38o, 53o and 68o (legends “Tran 7” through “Tran 68”) 700 
over 18 study plots.  701 
 702 
We used Eq. (13) to assess the ability of the stochastic radiative transfer equations 703 
to predict diffuse canopy radiation regime. The left hand side of this equation can be 704 
estimated from data on canopy directional uncollided transmittance, 𝑡0(Ω) (Fig. 10a), 705 
which sums with the interceptance 𝑖0(Ω) to unity, i.e., 𝑖0(Ω) = 1 − 𝑡0(Ω), and the diffuse 706 
interceptance, 𝑖𝑑𝑖𝑓, which is directly obtainable from the LAI-2000 Plant Canopy 707 
Analyzer readings (Rautiainen et al. 2009; Stenberg 2007). It follows from Eq. (4) and 708 
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(13) that 𝐷𝐴𝑆𝐹𝑖𝑠𝑜 = 0.5(1 − 𝑡0(Ω))(1 − 𝑡0(Ω0))/𝑖𝑑𝑖𝑓. The right hand side of Eq. (13) can 709 
be estimated from solutions of the diffuse stochastic radiative transfer equations for 710 
vegetation canopy with non-reflecting leaves and bounded underneath by a non-711 
reflecting surface (Section 2.4). Figure 12 illustrates that the 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  predicted by the 712 
diffuse stochastic radiative transfer equations with site specific structural parameters 713 
agree well with its measured counterpart.  714 
 715 
 716 
Figure 12. Correlation between 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  derived from field measurements (horizontal 717 
axis) and predicted by the stochastic radiative transfer equations (vertical axis) for the 718 
Hyperion sun-sensor geometry: SZA=41o, VZA=13.8o and RAA=62.73o. 719 
 720 
Thus, we derived site specific wavelength independent extinction coefficients, 721 
conditional pair-correlation functions and vertical profiles of fraction covered by tree 722 
crowns, i.e., canopy structural variables that the stochastic radiative transfer equations 723 
require as input. These parameters are used in all our radiative transfer calculations.  724 
 725 
5. Canopy-ground multiple interactions 726 
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 727 
The theoretical framework for the canopy BRF and DASF presented in Sect. 2 was 728 
developed under the assumption that the vegetation canopy is bounded from below by a 729 
non-reflecting surface. A radiative-transfer-based technique developed for the MODIS 730 
LAI/FPAR operational algorithm (Knyazikhin et al. 1998a) is adapted here to account 731 
for ground contributions.  732 
The BRF of the vegetation canopy with a reflective ground can be represented as a 733 
sum of two components: the BRF calculated for the vegetation canopy with a non-734 
reflecting underlying surface (termed as the “black soil” problem) and the contribution 735 
due to photon multiple interactions with canopy and ground, i.e.,   736 
 737 
𝐵𝑅𝐹𝜆(Ω; Ω0) = 𝐵𝑅𝐹𝐵𝑆,𝜆(Ω; Ω0) +
𝑟𝜆
1 − 𝑟𝜆 ∙ 𝑅𝑆,𝜆
𝑇𝐵𝑆,𝜆(Ω0)𝐼𝑆,𝜆(Ω) . (15) 
 738 
Here 𝑇𝐵𝑆,𝜆 represents the total directional transmittance (uncollided and diffuse) for the 739 
black soil problem, and 𝑟𝜆 is the effective ground reflectance. The terms 𝐼𝑆,𝜆(Ω) and 𝑅𝑆,𝜆 740 
are solutions of so-called “S problem,” i.e, they represent canopy leaving radiance and 741 
downward reflectance if our canopy were illuminated from below by isotropic sources 742 
uniformly distributed over the canopy ground. Because 𝐼𝑆,𝜆(Ω) and 𝑅𝑆,𝜆 are solutions of 743 
the radiative transfer equation with non-reflecting ground, the spectral invariant 744 
approach presented in Sect. 2 is applicable to these terms. The BRF of the vegetated 745 
canopy with a reflective ground therefore can be expressed in terms of the wavelength 746 
dependent effective ground reflectance and leaf albedo, and spectrally invariant canopy 747 
interceptance, recollision and escape probabilities.  748 
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Results presented in Sect. 4 suggest that the stochastic radiative transfer equations 749 
can predict the canopy DASF, which a purely structural variable. Its estimation does not 750 
require information about leaf scattering properties. Specification of the basic structural 751 
element and its scattering coefficient is needed to estimate the canopy spectral BRF. In 752 
coniferous canopies, for example, clumped shoot structure causes multiple scattering 753 
within a shoot. The stochastic radiative transfer equations are not applicable at the 754 
needle scale because fluctuations of the number of needles in a shoot do not follow 755 
Poisson statistics. In radiative transfer models for conifers the shoot can be taken as the 756 
basic structural element (Smolander and Stenberg 2003; Smolander and Stenberg 757 
2005). Its scattering coefficient, 𝜔𝑠,𝜆, is related to the needle albedo, 𝜔0𝜆 as (Smolander 758 
and Stenberg 2003; Smolander and Stenberg 2005) 759 
 760 
𝜔𝑠,𝜆 = 𝜔0𝜆
𝑘0
1 − 𝑝0𝜔0𝜆
 , (16) 
 761 
where the wavelength independent coefficients 𝑘0 and 𝑝0 depend on needle surface 762 
properties and their arrangement at a finer scale, i.e., within the shoot. The coefficients 763 
sum to unity if impact of needle surface properties can be neglected (Knyazikhin et al. 764 
2013; Latorre-Carmona et al. 2014; Yang et al. 2016). The basic structural element can 765 
be associated e.g. with leaf, shoot, branch or tree crown. In all cases the relationship 766 
between their scattering coefficients and the leaf or needle albedo follows Eq. (16) 767 
where 𝑘0 and 𝑝0 account for the foliage distribution at a finer hierarchical level.  768 
Solutions of the radiative transfer equation for the black soil and S problems have 769 
the form of Eq. (10). The canopy scattering coefficient, 𝑊𝜆, is calculated using Eq. (11) 770 
with 𝜔𝜆 representing the scattering coefficient of the basic structural element. The basic 771 
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structural element specifies the recollision probability that appears in the canopy 772 
scattering coefficient 𝑊𝜆. The DASF contains the ratio between the escape probability 773 
density and its spherical integral (see Eq. 9). This makes this variable independent of 774 
the choice of the basic structural element (Eqs. (7) and (8) in (Schull et al. 2011)). The 775 
scaling properties of the scattering coefficient, recollision and escape probabilities 776 
underlie a technique to adjust retrieval algorithms for the sensor spatial resolution and 777 
spectral band composition (Ganguly et al. 2008b): the structural parameters can be pre-778 
calculated at a fixed base scale (e.g., tree crown); the spectral BRF can be adjusted for 779 
the sensor resolution by transforming the measured leaf or needle albedo to the 780 
scattering coefficient of the basic structural element using Eq. (16) (Ganguly et al. 781 
2008b). 782 
In our case the tree crown is taken as the base scale. Leaves or needles are 783 
distributed within the crown in a certain fashion. We illustrate the technique outlined 784 
above to achieve consistency between the canopy scattering coefficient, within crown 785 
foliage arrangement and the spectral BRF at the Hyperion spatial resolution using data 786 
from the spectral interval between 710 and 790 nm. In this spectral interval albedo of 787 
any green leaf is related to a fixed spectrum via Eq. (16) (Knyazikhin et al. 2013; 788 
Latorre-Carmona et al. 2014; Schull et al. 2011; Yang et al. 2016) and thus two 789 
wavelength independent parameters, 𝑘0and 𝑝0, suffice to specify the canopy scattering 790 
coefficient. The following algorithm was implemented. First, the spectrally invariant 791 
parameters were pre-calculated for the black soil and S problems using the stochastic 792 
radiative transfer equations with input collected at our sites. Note that the solution 793 
𝐼𝑆,𝜆(Ω) of the S problem also have the form of Eq. (10) with the difference that spectrally 794 
invariant parameters 𝑝𝐴 , 𝜌𝐴  and 𝑖0  are calculated assuming that our canopy is 795 
isotropically illuminated from below. Second, for each pair (𝑘𝑠 , 𝑝0) the spectral BRF was 796 
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calculated using scattering coefficient, 𝜔𝑠,𝜆(𝑘𝑠, 𝑝0), obtained by transforming measured 797 
leaf albedo with Eq.(16), pre-computed structural parameters, and measured 798 
understory reflectance 𝑟𝜆. Finally, we selected values of 𝑘𝑠and 𝑝0 that minimized the 799 
RMSE between Hyperion and simulated BRF in the spectral interval between 710 nm 800 
and 790 nm. Figure 13 illustrates proximity of the Hyperion and simulated BRF spectra 801 
for our 18 study plots.  802 
 803 
Figure 13. Panel a: Correlation between Hyperion BRF𝐻,𝜆(Ω) and SRTE-estimated 804 
BRF𝜆(Ω) in the 710- to 790 nm spectral interval for 18 study plots. Panel b: Simulated 805 
(dashed lines) and Hyperion (solid lines) BRF spectra of pure Silver birch (B3), Scots 806 
pine (P1), Norway spruce (S3) and mixed (B7) forests. The RMSE (and R2) for the 500 to 807 
700 nm interval are 0.007 (0.845), 0.003 (0.831), 0.005 (0.778) and 0.004 (0.807), 808 
respectively. The remaining sites showed similar behavior. 809 
 810 
To summarize, the spectral invariant approach is applicable in the general case of 811 
canopy reflective ground. The use of spectral invariants to parameterize the canopy 812 
spectral BRF makes the stochastic radiative transfer equations scalable, i.e., its solutions 813 
calculated at a fixed base scale can be adjusted for the sensor resolution and spectral 814 
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band composition by changing the leaf or needle albedo with the spectrally invariant 815 
parameters unaltered.  816 
 817 
6. Discussion 818 
 819 
We adapted retrieval approach implemented in the MODIS operational LAI/FPAR 820 
algorithm (Knyazikhin et al. 1998a; Knyazikhin et al. 1998b). The algorithm compares 821 
measured spectral BRF with those evaluated from model-based entries stored in the 822 
LUT. All canopy structural variables and ground reflectance for which modeled and 823 
measured BRFs agree within uncertainties in the observed and modeled canopy 824 
reflectances are considered as acceptable solutions. The mean value of a structural 825 
variable of interest (e.g., LAI, VFLA and SLAI = LAI ∙ VFLA) and its dispersion are taken 826 
as the solution of the inverse problem and its retrieval uncertainty. In addition to the 827 
measured BRFs, biome type and uncertainties in model and observations are also inputs 828 
to the algorithm (Wang et al. 2001). The LUT is a key element of the retrieval technique 829 
that determines its performance. Here we discuss differences between MODIS and EPIC 830 
LUTs.  831 
Both LUTs are based on the representation of the modeled BRF via solutions of the 832 
black soil and S problems (Section 5), which are stored in the LUT. The EPIC LUT 833 
contains pre-calculated values of DASF, escape and recollision probabilities for the black 834 
soil and S problems, which correspond to various combinations of the sun-sensor 835 
geometry and canopy structural organization. The BRF for the black soil problem and 836 
solution of the S problem, 𝐼𝑆,𝜆 , are calculated using Eq. (10). The spectral leaf albedo that 837 
appears in this equation becomes a biome-dependent configurable parameter that 838 
accounts for the sensor resolution and spectral band composition. Its specification is a 839 
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part of the algorithm calibration and is based on analyses of the measured and 840 
simulated BRFs over validation sites representing various biome types as outlined in 841 
Sect. 5. Given sun-sensor geometry and biome type, the spectral BRF is modeled using 842 
Eq. (15), pre-calculated structural variables and spectral patterns of the effective 843 
ground reflectance (which are also stored in the LUT).  844 
Note that Eq. (10) not only provides a highly accurate approximation of solutions of 845 
the radiative transfer equations for vegetation canopies with non-reflecting ground, but 846 
also follows scaling relationships between the basic structural element, its scattering 847 
spectrum and spectral BRF. This feature underlies the scale-dependent formulation of 848 
the radiative transfer process in vegetation canopies. The spectrally invariant 849 
relationships for canopy transmittance, absorptance and reflectance used in various 850 
process oriented models (Stenberg et al. 2016) are special cases of Eq. (15) that 851 
naturally follow from its hemispherical integrations (Huang et al. 2007). 852 
The MODIS LUT stores the ratio between BRF and directional hemispherical 853 
reflectance (DHR) at a fixed wavelength for the black soil and S problems as a function 854 
of the sun-sensor geometry and canopy structure (Knyazikhin et al. 1998a; Knyazikhin 855 
et al. 1998b). The spectral DHR is expressed via spectral canopy transmittance and 856 
absorptance, which in turn are calculated using spectrally invariant relationships for the 857 
canopy transmittance and absorptance. The BRF is assembled using Eq. (15), pre-858 
calculated ratio, spectral DHR and patterns of the effective ground reflectance. The 859 
biome dependent spectral leaf albedo is also configurable parameter that controls 860 
consistency between the basic structural element and canopy spectral transmittance 861 
and absorptance at the sensor spatial resolution. The scaling properties however are 862 
not fully realized in the MODIS LUT because the spectrally invariant relationships are 863 
utilized only for the special cases of canopy reflectance and transmittance. This results 864 
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in higher model uncertainties due to adjustments of the LUT for the sensor 865 
characteristics compared to the EPIC LUT.  866 
Another important distinction between the EPIC and MODIS LUTs is that the former 867 
accounts for the stochastic boundary whereas the latter assumes infinitesimal scatters. 868 
The MODIS LUT based algorithm does not perform retrievals if the view direction falls 869 
within the hot spot region. Recall that DASF for the vegetation canopy with the 870 
stochastic boundary is a weighted sum of 𝐷𝐴𝑆𝐹0  calculated assuming infinitesimal 871 
scatters and 𝐷𝐴𝑆𝐹𝑏  of the stochastic boundary (Eq. 12). The EPIC LUT incorporates this 872 
decomposition, i.e., it contains 𝐷𝐴𝑆𝐹0, 𝐷𝐴𝑆𝐹𝑏  and the correlation coefficient ℎ. The 873 
correlation coefficient depends on a model used to simulate the hot spot effect. This 874 
feature allows for integration of various hot spot models into the retrieval technique 875 
without recalculating 𝐷𝐴𝑆𝐹0  and 𝐷𝐴𝑆𝐹𝑏.  876 
The parameterization of the LUT in terms of structural variables obtainable from 877 
both space and ground measurements is the key advantage of the EPIC LUT over its 878 
MODIS counterpart. For example, for vegetation canopies with a dark background or for 879 
sufficiently dense vegetation where the impact of the canopy background is negligible, 880 
the DASF can be directly retrieved from the BRF spectrum in the 710 to 790 nm interval 881 
without the use of canopy reflectance models, prior knowledge, or ancillary information 882 
regarding the leaf optical properties using a simple algorithm documented in 883 
(Knyazikhin et al. 2013). The DASF can be compared with LUT entries. In general case 884 
the removal of the ground contribution to BRF should precede retrieval of DASF. 885 
Equation (15), which is incorporated in the LUT, provides physical basis for removing 886 
ground influences from measured spectral BRF. The field and hyperspectral data 887 
therefore can be used to assess the EPIC LUT, to diagnose its deficiencies and to develop 888 
refinements. We illustrate this feature using field data and hyperspectral images. 889 
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First, we used the pre-calculated site specific spectral invariants for the black soil 890 
and S problems (Section 4), measured ground reflectance and the sensor adjusted leaf 891 
albedo to evaluate the term in Eq. (15) that accounts for ground contributions. This 892 
term was subtracted from the Hyperion BRF to estimate 𝐵𝑅𝐹𝐵𝑆,𝜆(Ω; Ω0). We applied the 893 
algorithm reported in (Knyazikhin et al. 2013) to 𝐵𝑅𝐹𝐵𝑆,𝜆  to derive Hyperion 894 
𝐷𝐴𝑆𝐹(Ω; Ω0) (Appendix D) over our study sites. The view direction of the Hyperion 895 
sensor was outside of the hot spot region (i.e., ℎ(Ω; Ω0) ≈ 0) and thus the retrieved 896 
DASF provides an estimate of 𝐷𝐴𝑆𝐹0 in the direction to the sensor. 897 
Next, we calculated DASF in the direction – Ω using the stochastic radiative transfer 898 
equations and site specific canopy structural parameters. The simulated and Hyperion 899 
DASFs were then used to evaluate 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  as the semi-sum of their values for up- and 900 
downward directions. The correlation between 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  derived from Hyperion images 901 
and field data shown in Fig. 14 suggests that the modeled DASF is accurate for our 902 
broad- and needle leaf dominant forest sites at the Hyperion resolution and LAI range 903 
between 2 and 5.  904 
Finally, we estimated 𝑖0(Ω) from Eq. (4) as 𝑖0(Ω) = 2𝐷𝐴𝑆𝐹𝑖𝑠𝑜𝑖𝑑𝑖𝑓/𝑖0(Ω0) with the 905 
ratio 𝑖𝑑𝑖𝑓/𝑖0(Ω0) calculated using the stochastic radiative transfer equations and site 906 
specific canopy structural parameters. The canopy interceptance in the direction Ω was 907 
then converted to VFLA(Ω) with Eq. (1). The VFLA(Ω) can also be directly estimated 908 
from below canopy measurements of the canopy directional uncollided transmittance. 909 
The correlation between VFLA derived from field measurements and Hyperion image 910 
shown in Fig. 15 suggests the LUT developed for our sites provides an accurate 911 
relationship between canopy BRF and VFLA  at the Hyperion resolution and 912 
consequently supports our theoretical basis.  913 
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 914 
 915 
Figure 14. Correlation between 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  derived from field measurements (horizontal 916 
axis) and Hyperion image (vertical axis) for 18 study sites. Here SZA=41o, VZA=13.8o 917 
and RAA=62.73o. 918 
 919 
 920 
Figure 15. Correlation between VFLA derived from field measurements (horizontal axis) 921 
and Hyperion image (vertical axis) for 18 study sites. Here SZA=41o, VZA=13.8o and 922 
RAA=62.73o. 923 
 924 
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7. Concluding remarks 925 
 926 
This paper presents the theoretical basis of the algorithm designed for the 927 
generation of leaf area index and its sunlit fraction from NASA’s EPIC instrument 928 
onboard DSCOVR spacecraft. The algorithm ingests spectral surface BRF data, canopy 929 
architectural type (or biome), model and observation uncertainties. The technique used 930 
in the MODIS LAI/FPAR operational algorithm is adapted to select most probable values 931 
of LAI, SFLA, SLAI = SFLA ∙ LAI and their uncertainties. The use of spectral invariants in 932 
the parameterization of the MODIS LUT imbued scale dependency to the algorithm, 933 
which is among key requirements to generate long-term records of biophysical 934 
parameters from remote sensing measurements of multiple sensors (Ganguly et al. 935 
2008a; Ganguly et al. 2008b). The theoretical basis of the MODIS LUT however has not 936 
been revised since 1998 when the first spectrally invariant parameter, maximum 937 
eigenvalue of the radiative transfer equation, was originally introduced (Knyazikhin et 938 
al. 1998a; Knyazikhin et al. 1998b). The purpose of our study has been to modify the 939 
LUT through incorporations of the recent advances in the theory of canopy spectral 940 
invariants (Stenberg et al. 2016) and to integrate the retrieval of the VFLA into the 941 
MODIS algorithm. The modifications improve decoupling of the structural and 942 
radiometric components of the BRF and algorithm scaling properties, which are 943 
important prerequisites for achieving consistency and complementarity between 944 
DSCOVR EPIC and existing satellite derived land surface biophysical parameters. The 945 
stochastic radiative transfer equations are used to generate the EPIC LUT for all biome 946 
types. The equations naturally account for the effects of the three-dimensional canopy 947 
structure on the BRF and therefore an accurate discrimination between sunlit and 948 
shaded leaf areas is expected. The entries of the EPIC LUT are measurable, i.e., they can 949 
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be independently derived from both below canopy measurements of the transmitted 950 
and above canopy measurements of reflected radiation fields. This is the key advantage 951 
of the EPIC LUT over its MODIS counterpart because this feature makes possible direct 952 
validation of the LUT, facilitates identification of its deficiencies and development of 953 
refinements. Analyses of field data and hyperspectral images suggest that the EPIC LUT 954 
accurately follows regularities expected from the theory.  955 
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Appendix A. Stochastic model of canopy structure and radiation regime  1169 
 1170 
We use the Boolean model of random set to simulate 3D canopy structure (Stoyan et 1171 
al. 1995). The following stationary Poisson germ-grain stochastic process of intensity d 1172 
(in number per volume) is implemented. A random number 𝑘 = 𝑑𝑉 of leaves within a 1173 
volume V=HS is selected using the Poisson distribution 𝑃(𝑘) = (?̅?)
𝑘
exp(−?̅?) /𝑘! where 1174 
?̅? is the mean value of the random variable k. Random locations of k leaves in V are 1175 
generated with a uniform distribution function. On each of these points a disc of radius r 1176 
(Fig. 2b) is placed. Their random orientation is generated with a leaf normal 1177 
distribution function 𝑔𝐿(Ω𝐿). The volume V with k randomly oriented leaves (Fig. 2a) is 1178 
a realization of the canopy structure. The leaf area volume density of the canopy 1179 
realization is 𝜋𝑟2𝑘/𝑉 . Its ensemble average value results in 𝑢𝐿 = 𝜋𝑟
2𝑑 . In the 1180 
terminology the points of the Poisson process are the germs while the discs represent 1181 
the grains (Stoyan et al. 1995). 1182 
The discs simulate bi-Lambertian leaves, i.e., the incident photons are reflected from, 1183 
or transmitted though, the disc in a cosine distribution about its normal. Its scattering 1184 
properties are parameterized in terms of leaf transmittance, 𝜏𝐿, and reflectance, 𝑟𝐿. 1185 
Their sum is the leaf albedo, 𝜔 = 𝜏𝐿 + 𝑟𝐿. The leaf normal distribution function for 1186 
spherically oriented leaves is 𝑔𝐿(Ω𝐿) = 1. For non-spherically oriented leaf normal Ω𝐿 =1187 
(𝜃𝐿 , 𝜑𝐿), a trigonometrical representation of 𝑔𝐿(Ω𝐿) is used (Bunnik 1978), i.e.,  1188 
 1189 
𝑔𝐿(Ω𝐿) =  
2
𝜋
(
1 + 𝑎 cos 𝑏𝜃𝐿
sin 𝜃𝐿
). (A1) 
 1190 
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This model includes planophile (𝑎 = 1, 𝑏 = 2), erectophile (𝑎 = −1, 𝑏 = 2), plagiophile 1191 
(𝑎 = −1, 𝑏 = 4), extremophile (𝑎 = 1, 𝑏 = 4) and uniform (𝑎 = 0) leaves. 1192 
Each disc is divided into n equal sub-areas 𝑠0 = 𝜋𝑟
2/𝑛, which represents smallest 1193 
resolvable scale (Fig. 2b). The bi-Lambertian scattering is simulated for each sub-area s0. 1194 
The disc radius is expressed relative to the canopy height H, i.e., 𝑟/𝐻 = 𝛼. We define the 1195 
indicator function 𝜒(𝐱, Ω) of gaps such that it is 1 if there is a free line of sight through 1196 
the canopy from the point 𝐱 on a sub-area 𝑠0 in the direction Ω, and 0 otherwise 1197 
(Stenberg 2007). Since the canopy structure is treated as a stochastic process, the gap 1198 
distribution 𝜒(𝐱, Ω) is a stochastic function of space. Its ensemble average value 1199 
describes gap density per unit solid angle per unit leaf area. 1200 
For each realization of canopy structure and a set of 𝑁Ω directions distributed on a 1201 
unit sphere, we count photons that recollide, 𝑁′ = ∑ [1 − 𝜒(𝐱, Ω)]|Ω ∙ Ω𝐿(𝐱)|𝐱,Ω  and exit 1202 
the canopy through gaps along the direction Ω , 𝑀(Ω) = ∑ 𝜒(𝐱, Ω)|Ω ∙ Ω𝐿(𝐱)|𝐱 . 1203 
Realizations of the total leaf semi-surface area, 𝐴𝑇 , their visible, 𝐴𝑉(Ω), shaded, 1204 
𝐴𝑠ℎ(Ω¬Ω0), and bi-directional sunlit, 𝐵(Ω&Ω0), areas were estimated as 𝐴𝑇 = 𝑠0𝑘𝑛, , 1205 
𝐴𝑉(Ω) = 𝑠0 ∑ 𝜒(𝐱, Ω)𝐱 ,  𝐴𝑠ℎ(Ω¬Ω0) = 𝑠0 ∑ 𝜒(𝐱, Ω)(1 − 𝜒(𝐱, Ω0))𝐱 , and 𝐵(Ω&Ω0) =1206 
𝑠0 ∑ 𝜒(𝐱, Ω)𝜒(𝐱, Ω0)𝐱 . Ensemble average values of these random variables were assigned 1207 
to the recollision, 𝑝𝑖𝑠𝑜 =< 𝑁
′ >/< 𝐴𝑇 >  and escape 2𝜌𝑖𝑠𝑜(Ω) =< 𝑀(Ω) >/< 𝐴𝑇 > 1208 
probabilities, VFLA(Ω) =< 𝐴𝑉(Ω) >/< 𝐴𝑇 > , VFLA𝑠ℎ(Ω¬Ω0) =< 𝐴𝑠ℎ(Ω) >/< 𝐴𝑇 > , 1209 
BSFLA(Ω&Ω0) =< 𝐵(Ω&Ω0)/< 𝐴𝑇 >, and 𝑖0(Ω) =< 𝑀(Ω) >/(𝑆𝜇). Here <∙> designates 1210 
ensemble averaging, i.e., over all realizations of canopy structure in V. The correlation 1211 
coefficient of VFLA(Ω) and SFLA = VFLA(Ω0) was calculated as   1212 
 1213 
ℎ𝑖𝑠𝑜(Ω; Ω0) =
BSFLA(Ω&Ω0) − VFLA(Ω)VFLA(Ω0)
√[VFLA(Ω) − VFLA2(Ω)][VFLA(Ω0) − VFLA2(Ω0)]
 (A2) 
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 1214 
From simulations, the join probability VFLA𝑠ℎ(Ω¬Ω0) was found to be equal to 1215 
[1 − ℎ𝑖𝑠𝑜(Ω; Ω0)]VFLA(Ω)(1 − VFLA(Ω0)), as expected. We introduce a fraction of 1216 
shaded leaves visible outside the canopy along a given direction – Ω as the conditional 1217 
probability of seeing a shaded leaf under the condition that the leaf area does not belong 1218 
to the canopy boundary, i.e VFLA𝑠ℎ(Ω; Ω0) = VFLA𝑠ℎ(Ω¬Ω0)/(1 − VFLA(Ω0))=(1 −1219 
ℎ(Ω; Ω0))VFLA(Ω).  1220 
The joint probability that a photon scattered by the boundary and escape the 1221 
vegetation was calculated as < ∑ 𝜒(𝐱, Ω)𝜒(𝐱, Ω0)|Ω ∙ Ω𝐿(𝐱)||Ω0 ∙ Ω𝐿(𝐱)|𝑟 >/< 𝐴𝑇 > . 1222 
From simulations, this probability was found to be equal to BSFLA(Ω&Ω0)Γ(Ω0 →1223 
Ω)/𝐺(Ω0), as expected, where G and Γ are the geometry factor and area scattering phase 1224 
function, respectively (Ross 1981). The conditional probability density by which a 1225 
photon scattered by the boundary will escape the vegetation in the direction Ω is 1226 
𝑗𝑖𝑠𝑜(Ω; Ω0) = Γ(Ω0 → Ω)/𝐺(Ω0). It describes number of canopy leaving photons per unit 1227 
sunlit area (i.e., per unit boundary area). The escape probability, 𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0), for the 1228 
stochastic model with the boundary in the direction Ω0 can therefore be represented as 1229 
𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0) = (1 − ℎ𝑖𝑠𝑜(Ω; Ω0))𝜌𝑖𝑠𝑜(Ω) + 𝑗𝑖𝑠𝑜(Ω; Ω0)ℎ𝑖𝑠𝑜(Ω; Ω0). Solving this equation 1230 
for ℎ𝑖𝑠𝑜 one obtains 1231 
 1232 
ℎ𝑖𝑠𝑜(Ω; Ω0) =
𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0) − 𝜌𝑖𝑠𝑜(Ω)
𝑗𝑖𝑠𝑜(Ω; Ω0) − 𝜌𝑖𝑠𝑜(Ω)
 (A3) 
 1233 
We use this equation to evaluate the correlation coefficient from solutions of the 1234 
stochastic radiative transfer equations as detailed in Appendix B.2.  1235 
 1236 
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Appendix B. Stochastic radiative transfer equations  1237 
 1238 
B.1. Ensemble average intensity and its second moment  1239 
 1240 
Let a stochastic canopy resided in the layer 0 ≤ 𝑧 ≤ 𝐻  be subjected to a 1241 
monodirectioanl beam in the direction Ω0 = (𝜃0, 𝜑0) of intensity 𝐿0. Vertical profiles of 1242 
the horizontal average intensity, 𝐼(𝑧, Ω), and its second moment, the mean intensity 1243 
incident on the leaf surface, 𝑈(𝑧, Ω), at depth z satisfy a system of stochastic equations 1244 
(Huang et al. 2008). The vertical profiles, 𝐿0𝐼0(𝑧)𝛿(Ω − Ω0) and 𝐿0𝑈0(𝑧)𝛿(Ω − Ω0), of 1245 
the uncollided (direct) intensities in the direction Ω0 are solutions of the following 1246 
equations,  1247 
 1248 
𝐼0(𝑧) +
𝜎(Ω0)
𝜇0
∫ 𝑎(𝜉)𝑈0(𝜉)𝑑𝜉
𝑧
0
= 1 , (B1a) 
𝑈0(𝑧) +
𝜎(Ω0)
𝜇0
∫ 𝐾(𝑧, 𝜉, Ω0)𝑈0(𝜉)𝑑𝜉
𝑧
0
= 1 . (B1b) 
 1249 
Here 𝜇0 = cos 𝜃0; 𝜎(Ω) denotes the extinction coefficient; 𝑎(𝜉) is the probability of 1250 
finding a foliated point at depth 𝜉, and 𝐾(𝑧, 𝜉, Ω) represents the conditional pair-1251 
correlation function, i.e., 𝑎(𝑧)𝐾(𝑧, 𝜉, Ω) is the probability of finding simultaneously 1252 
foliated points at depths z and 𝜉 along a given direction Ω (Huang et al. 2008; Vainikko 1253 
1973). The conditional pair-correlation function describes spatial correlation between 1254 
phytoelements, e.g., clumping of leaves into branches, branches into crowns, etc. If 1255 
leaves are not spatially correlated (𝐾 = 𝑎(𝜉)), Eqs. (B1a) and (B1b) coincide and their 1256 
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solutions are the Beer-Lambert law. Equations for diffuse components and various 1257 
models of a and K can be found in (Huang et al. 2008).  1258 
Solution of Eq. (B1) at the canopy bottom, z=H, is the canopy directional uncollided 1259 
transmittance in the direction Ω0. This variable can be estimated from measurements of 1260 
downward fluxes below and above the canopy using the LAI-2000 plant analyzer 1261 
(Rautiainen et al. 2009; Rautiainen and Stenberg 2015; Stenberg 2007). The canopy 1262 
interceptance is then 𝑖0(Ω0) = 1 − 𝐼0(𝐻).  1263 
The mean irradiance on leaf sides, F, and source function, S, are given by    1264 
 1265 
𝐹 = ∫ ∫ 𝜎(Ω)𝑎(𝑧)𝑈(𝑧, Ω)𝑑𝑧𝑑Ω
4𝜋
𝐻
0
 ,    (B2) 
𝑆(𝑧, Ω) =
1
𝜋
∫ 𝑃(Ω′ → Ω)𝜎(Ω′)𝑈(𝑧, Ω′)𝑑Ω′
4𝜋
 (B3) 
 1266 
where 𝑃(Ω′ → Ω) = Γ(Ω′ → Ω)/𝐺(Ω′) . We use the stochastic radiative transfer 1267 
equations to simulate BRF of vegetated surface. The method of successive orders of 1268 
scattering approximation was used to numerically solve the system for the diffuse 1269 
components as well as to estimate terms in Neumann series (5).  1270 
 1271 
B.2. Correlation coefficient  1272 
 1273 
The radiative transfer equation is formulated for interior points in the domain in 1274 
which the radiative transfer process occurs. The shaded leaves represent the interior 1275 
points. To exclude the stochastic boundary from the domain the leaf area volume 1276 
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density is represented as 𝑢𝐿[1 − 𝑐𝐻𝑆(Ω; Ω0)] where 𝑐𝐻𝑆 is a hot spot parameter that 1277 
accounts for the statistical dependency of seeing gaps in the direction Ω from the sunlit 1278 
areas of leaves. We followed (Kuusk 1991) techniques to evaluate this parameter. The 1279 
escape probability density, 𝜌(Ω; Ω0), derived from solutions of the boundary value 1280 
problem for the radiative transfer equation accounts for both photons scattered by 1281 
shaded and sunlit leaf areas. If 𝑐𝐻𝑆 is set to zero the corresponding escape probability 1282 
density, 𝜌0(Ω), quantifies the escape event due to photon interactions with shaded 1283 
leaves. In this case the equation acts in much the same way as we estimate the 1284 
probabilities in Section 2.1, i.e., it assumes that there are no points on leaf surfaces from 1285 
which photons can escape the vegetation with unit probability. The correlation 1286 
coefficient h can be estimated from Eq. (A.3) in which 𝜌(Ω; Ω0) and 𝜌0(Ω) are used in 1287 
place of 𝜌𝑏,𝑖𝑠𝑜(Ω; Ω0) and 𝜌𝑖𝑠𝑜(Ω). Its specification requires to solve the stochastic 1288 
equations two times, first with an actual 𝑐𝐻𝑆 to get 𝜌𝑏(Ω; Ω0), and then with 𝑐𝐻𝑆 set to 1289 
zero in order to obtain 𝜌0(Ω).  1290 
 1291 
Appendix C. Estimation of average escape and recollision probabilities  1292 
 1293 
It follows from Eq. (10) that the ratio BRF𝜆(Ω0, Ω)/𝜔𝜆  is linearly related to 1294 
BRF𝜆(Ω0, Ω) where slope and intercept give 𝑝𝐴 and 𝜌𝐴(Ω; Ω0)𝑖0(Ω0). We use this obvious 1295 
property to specify the average recollision and escape probabilities as follows: solve 1296 
stochastic radiative transfer equations for several values of leaf albedo first and then 1297 
specify slope and intercept from the  BRF𝜆(Ω0, Ω)/𝜔𝜆  vs. BRF𝜆(Ω0, Ω)  linear 1298 
relationship. The slope is the average recollision probability. The average escape 1299 
probability is the ratio between the intercept and 𝑖0(Ω0). The escape probability can be 1300 
decomposed into contributions from shaded and sunlit leaves as described in Sect. B2.  1301 
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 1302 
Appendix D. Retrieving DASF from hyperspectral BRF   1303 
 1304 
The algorithm for the estimation of DASF from the BRF spectrum in the 710 to 790 1305 
nm interval uses the transformed reference leaf albedo ϖ0λ, which is related to the 1306 
sensor-adjusted leaf albedo, ωs,λ, as (Knyazikhin et al. 2013)  1307 
 1308 
𝜔𝑠,𝜆 =
1 − 𝑝𝐿
1 − 𝜛0𝜆𝑝𝐿
 𝜛0𝜆𝑖𝐿, (D1) 
 1309 
where 𝑝𝐿  is the wavelength independent within-leaf recollision probability, and 𝑖𝐿  1310 
represents the fraction of radiation scattered at the surface of leaves. The latter is a 1311 
wavelength-independent function of leaf surface properties. The algorithm results in the 1312 
following estimate of the DASF (Knyazikhin et al. 2013),  1313 
 1314 
𝐷𝐴𝑆𝐹(Ω; Ω0) =
𝜌𝐴(Ω; Ω0)𝑖0(Ω0)
1 − 𝑝𝐴𝑖𝐿
 𝑖𝐿 , (D2) 
 1315 
where 𝑖0(Ω0), 𝜌𝐴(Ω; Ω0) and 𝑝𝐴  are the canopy interceptance, average escape and 1316 
recollision probabilities. The retrieved DASF should be normalized by (1 − 𝑝𝐴)𝑖𝐿/(1 −1317 
𝑝𝐴𝑖𝐿) to obtain its LUT counterpart. Site specific values of 𝑖𝐿  can be found from 1318 
measured spectra of leaf albedo (Latorre-Carmona et al. 2014; Schull et al. 2011; 1319 
Vanhatalo et al. 2014). We followed the methodology documented in (Schull et al. 1320 
2011). 1321 
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List of figure captions 1322 
 1323 
Figure 1. Recollision and escape probabilities. Solid arrows depict photons incident on leaf 1324 
surfaces from different directions. A fraction of these photons will be scattered and hit leaves 1325 
again (dashed arrows). The scattering event is quantified by the wavelength dependent leaf 1326 
albedo, 𝜔𝜆, defined as the fraction of radiation incident on a leaf that is reflected or transmitted. 1327 
Given total numbers, N and 𝑁′, of photons incident on leaf surfaces before (“solid arrows”) and 1328 
after one interaction (“dashed arrows”) with leaves, the recollision probability is just 𝑝 =1329 
𝑁′/(𝜔𝑁). The directional escape probability is the probability by which a scattered photon will 1330 
escape the vegetation in a given direction Ω (“dash-dot arrows”).   1331 
 1332 
Figure 2. Stochastic model of canopy structure. Points are scattered in a volume 𝑉 according to 1333 
a stationary Poisson point process of intensity d (panel a). On each of these points a disc of 1334 
radius r (panel b) is placed. Their random orientation is generated with a leaf normal 1335 
distribution function. The discs represent bi-Lambertian leaves, i.e., the incident photons are 1336 
reflected from, or transmitted though, the disc in a cosine distribution about its upward normal. 1337 
The disc is divided into n equal areas, which represent smallest resolvable scale. Panel (a) 1338 
shows a realization of canopy structure with 207 leaves, each containing n=36 equal areas. The 1339 
leaf radius to canopy height ratio, r/H, and mean leaf area volume density, 𝑢𝐿, are 0.03 and 0.5, 1340 
respectively. Leaf normals are shown as blue bars. More details are in Appendix A. 1341 
 1342 
Figure 3. Visible Fraction of Leaf Area (VFLA). Panel a: VFLA for spherically oriented leaves as a 1343 
function of Leaf Area Index (LAI) for a zenith angle of 9.44o estimated directly from the 1344 
stochastic model (legend “Stochastic model”) and calculated with Eq. (1) (legend “Equation”). 1345 
Panel b: Correlation between VFLA estimated from the stochastic model (vertical axis) and Eq. 1346 
(1) (horizontal axis) for LAI and zenith angle ranges from 1 to 8, and from 0o to 60o, 1347 
respectively. The scatter plot includes spherical, planophile, erectophile, plagiophile, 1348 
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extremophile and uniform leaves (Appendix A). The VFLAs from the stochastic model were 1349 
estimated as described in Appendix A. 1350 
 1351 
Figure 4. Bi-directional Sunlit Fraction of Leaf Area, BSFLA(Ω&Ω0), derived from the stochastic 1352 
model of canopy structure (Fig. 2). Panel a: BSFLA(Ω&Ω0) as a function of zenith angle 𝜃 of the 1353 
direction Ω (legend “BSFLA”). Zenith angle of Ω0 is 41o. Also shown are VFLA(Ω) (legend 1354 
“VFLA”) and VFLA(Ω)VFLA(Ω0)  (legend “VFLA*SFLA”). Here r/H=0.005; d=6366; 𝑢𝐿 =1355 
𝜋𝑟2𝑑=0.5. Panel b: Correlation coefficient of VFLA(Ω) and SFLA = VFLA(Ω0) as a function of 𝜃 1356 
for relative leaf sizes r/H=0.01, 0.005 and 0.0025. Its definition is given in Appendix A. 1357 
 1358 
Figure 5. Panel a: Directional escape probability densities in up-, 𝜌𝑚(Ω), and downward, 1359 
𝜌𝑚(−Ω), directions, their mean, 0.5[𝜌𝑚(Ω) + 𝜌𝑚(−Ω)] (left axis), and recollision probability, 𝑝𝑚 1360 
(right axis) for 11 scattering orders. Here solar zenith angle (SZA) and view zenith angle (VZA) 1361 
are 41o and  49.1o, respectively. Panel b: Directional escape probabilities in up-, 𝜌𝑚(Ω), and 1362 
downward, 𝜌𝑚(−Ω), directions for SZA=VZA=49.1o and 11 scattering orders. 𝜌𝑖𝑠𝑜(Ω) is shown 1363 
on both plots. The stochastic radiative transfer equations were used to derive these variables. 1364 
LAI=5, ground cover was 0.8.  1365 
 1366 
Figure 6. Panel a: Relationship between 𝐼8(𝑧, Ω; Ω0) and 𝐼7(𝑧, Ω; Ω0) for 𝑧 = 0, 0.2, 0.4, ⋯ ,1  (in 1367 
relative units) and 217 upward directions. Panel b: Escape probabilities 𝜌7(Ω; Ω0), 𝜌07(Ω) 1368 
(vertical axis on the left side) and the correlation coefficient ℎ7 (vertical axis on the right side) in 1369 
the principal plane as functions of view zenith angle of Ω. The probabilities are related as 1370 
𝜌7(Ω; Ω0) = (1 − ℎ7)𝜌07(Ω) + ℎ7𝑗𝑖𝑠𝑜(Ω; Ω0) where the correlation coefficient ℎ7 was calculated 1371 
as described in Appendix B.2. The stochastic radiative transfer equations with inputs as in Fig. 5 1372 
were used to derive these variables.  1373 
 1374 
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Figure 7. Vertical profiles of horizontal and angular averages of source functions (panel a) and 1375 
coefficient of variation (std/mean, panel b) due to radiative filed 𝑒𝑚(𝑧, Ω) for 10 scattering 1376 
orders. The dimensionless vertical axes show values of 𝑧/𝐻 where H is the canopy height. The 1377 
stochastic radiative transfer equations with inputs as in Fig. 5 were used. The source function is 1378 
defined by Eq. B3. 1379 
 1380 
Figure 8. Panel a: Average escape probabilities 𝜌𝐴(Ω; Ω0), 𝜌0𝐴(Ω) (vertical axis on the left side) 1381 
and the correlation coefficient h (vertical axis on the right side) as functions of view zenith angle 1382 
of Ω. Panel b: Comparison of the correlation coefficients derived from the SRTE (horizontal axis) 1383 
and radiative field generated by photons scattered 7 times (vertical axis).  1384 
 1385 
Figure 9. Hyytiälä forest and distribution of study sites. The true color composite image is from 1386 
Hyperion hyperspectral cube acquired on July 3, 2010. 1387 
 1388 
Figure 10. Panel a: Angular profile of canopy directional uncollided transmittance (vertical axis 1389 
on the left side) and effective leaf area index (vertical axis on the right side) for 18 locations 1390 
(Table 1). Canopy directional uncollided transmittances are centered at five zenith angles: 7o, 1391 
23o, 38o, 53o, and 68o (legends “Tran 7” through “Tran 68”). Panel b:  HCRF spectra of four 1392 
understory types: herb-rich, mesic, sub-seric and xeric. Panel c: Leaf spectral albedo of Scots 1393 
pine, Norway spruce needles, and Silver birch leaf (dashed lines, vertical axis on the left side). 1394 
BRF spectra of pure Silver birch (B3), Scots pine (P1), Norway spruce (S3) and mixed (B7) plots 1395 
(solid lines, vertical axis on the right side)。 1396 
 1397 
Figure 11. Correlation between measured directional uncollided transmittances (horizontal 1398 
axis) and predicted by the stochastic radiative transfer equations (vertical axis) for five zenith 1399 
angles, 7o, 23o, 38o, 53o and 68o (legends “Tran 7” through “Tran 68”) over 18 study plots. 1400 
 1401 
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Figure 12. Correlation between 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  derived from field measurements (horizontal axis) and 1402 
predicted by the stochastic radiative transfer equations (vertical axis) for the Hyperion sun-1403 
sensor geometry: SZA=41o, VZA=13.8o and RAA=62.73o. 1404 
 1405 
Figure 13. Panel a: Correlation between Hyperion BRF𝐻,𝜆(Ω) and SRTE-estimated BRF𝜆(Ω) in 1406 
the 710- to 790 nm spectral interval for 18 study plots. Panel b: Simulated (dashed lines) and 1407 
Hyperion (solid lines) BRF spectra of pure Silver birch (B3), Scots pine (P1), Norway spruce (S3) 1408 
and mixed (B7) forests. The RMSE (and R2) for the 500 to 700 nm interval are 0.007 (0.845), 1409 
0.003 (0.831), 0.005 (0.778) and 0.004 (0.807), respectively. The remaining sites showed 1410 
similar behavior. 1411 
 1412 
Figure 14. Correlation between 𝐷𝐴𝑆𝐹𝑖𝑠𝑜  derived from field measurements (horizontal axis) and 1413 
Hyperion image (vertical axis) for 18 study sites. Here SZA=41o, VZA=13.8o and RAA=62.73o. 1414 
 1415 
Figure 15. Correlation between VFLA derived from field measurements (horizontal axis) and 1416 
Hyperion image (vertical axis) for 18 study sites. Here SZA=41o, VZA=13.8o and RAA=62.73o. 1417 
 1418 
 1419 
